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There is something I don't know 
that I am supposed to know. 
I don't know what it is I don't know, 
and yet am supposed to know, 
and I feel I look stupid 
if I seem both not to know it 
and not know what it is I don't know 
Therefore I pretend to know it. 
This is nerve-racking 
since I don't know what I must pretend to know 
Therefore I pretend to know everything. 
R.D Laing, 1970 
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Chapter 1 
Introduction 
Chapter 1 
An apparently rising incidence of and mortality from prostate cancer coupled 
with an increasing life expectancy and an expanding population at risk have 
made this neoplasm a major medical and socioeconomic problem Adenocarci 
noma of the prostate is estimated to be among the most common malignancies 
diagnosed in USA men (132,000 cases/year) It is also the second cause of 
male cancer deaths (34 000 cases/year), with half of the patients exhibiting 
advanced disease at the time of initial diagnosis (American Cancer Society, 
1992, Coffey, 1993) In an attempt to lower the mortality of this cancer, 
increased interest has been applied recently to improvement in earlier diagnosis 
(Brawer, 1993) Improvement in early detection might decrease the mortality 
rate by allowing treatment to be instituted at a more favourable stage 
Moreover, one third of all men over 50 years require treatment because of 
micturition complaints related to benign prostatic enlargement (ΒΡΕ) In view 
of the morbidity caused by surgery, less invasive treatment modalities (like drug 
treatment, transurethral microwave thermo therapy (TUMT), and trans-urethral 
laser prostatectomy) have gained popularity After surgery histological 
examination is performed to exclude carcinoma With these minimal invasive 
approaches no tissue is obtained and incidental carcinoma is not detected 
(Bostwick et al 1 992) Because incidentally detected carcinoma of the prostate 
on simple prostatectomy specimens (transurethral or open) occurs in 10-20% 
of the patients (Brawer, 1993 Lowe and Listrom 1988, Mebust et al 1989), 
accurate diagnostic tools for the detection of prostate cancer are necessary to 
justify these new minimal-invasive techniques 
Three primary diagnostic tests to initiate histologic or cytologic tissue 
sampling have proven to be useful for the detection of prostate carcinoma 
digital rectal examination (DRE), prostate-specific antigen (PSA) level and 
transrectal ultrasonography (TRUS) 
For decades, digital rectal examination has been the mainstay of prostate 
cancer diagnosis Although a fast investigation with relative low cost, DRE is 
not an optimal technique for the detection of prostate cancer (Chodak et al 
1986) Only the outer gland (peripheral and central zone) is palpable and 
therefore malignancies sited in the transition zone can not be detected on DRE 
(Schmidt, 1992) Another shortcoming of DRE is its subjectivity A large inter-
and even intra observer variability is reported in describing digital rectal 
examination findings (Ellis et al 1994a) 
Prostate-specific antigen (PSA) is a glyco-protem, found in the cytoplasm of 
prostatic epithelial cells, that lyses seminal vesical protein Its measurement 
represents a significant improvement over prostatic acid phosphatase as a 
serum marker for prostate cancer (Schmidt, 1992) PSA measurements have 
a number of applications in the management of patients with prostate cancer 
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and can be used as an aid to the staging of established disease, for monitoring 
response to treatment, and potentially for screening and the early detection of 
prostate cancer Both BPH and carcinoma, however, may cause a rise in PSA 
levels (Bostwick et al. 1992; Clements et al. 1992b) Large rises normally 
indicate prostatic malignancy and cause few problems, but there may be 
difficulty with the interpretation of smaller elevations when there is coexisting 
benign hyperplasia. The use of PSA as an initial clinical screening for prostatic 
cancer has been limited by this false positive classification produced by BPH. 
In general, the sensitivity and specificity of PSA determinations are not optimal 
forthe detection of prostate cancer, especially at values ranging between 4 and 
10 ng/ml (hybntech), because BPH and carcinoma frequently coexist in this 
range (Benson et al. 1 992; Benson et al. 1 993). Therefore, attempts have been 
made to improve the accuracy of PSA. Benson et al. (1992; 1993) reported a 
correction for increased prostate volume due to BPH by determination of the 
PSA density (PSAD), derived by dividing the PSA by the volume of the prostate. 
Other authors, however, could not confirm this concept, and little difference 
was reported between PSA and PSAD when comparing the sensitivvity and 
specificity using receiver operating curves (ROC) (Brawer et al. 1993). 
The third conventional test on which the diagnosis of adenocarcinoma of the 
prostate rest, is transrectal ultrasound, a safe and minimally invasive method 
of imaging the prostate gland. High frequency sound waves are transmitted 
trough the gland and the reflected waves are used to construct an image 
(Wells, 1977) This imaging technique is used by almost every urologist m the 
evaluation of patients with prostatic complaints (Brawer, 1993; Collins et al. 
1 993; Kaye and Lightner, 1 993; Wolf et al. 1 992). It provides a detailed view 
of the prostate For the presence of benign enlargement or cancer, comparison 
of symmetry, echo texture, echodensity and regularity of the left and right-hand 
side of the gland add important diagnostic information to the one available from 
palpation alone (Ellis et al 1994; Flanigan et al 1994, Waterhouse and 
Resmck, 1990). Moreover, TRUS can be used as guidance to take puncture 
biopsies (Copien et al. 1 991 ; Ragde et al. 1 988; Hodge et al. 1 989b; Terris et 
al 1992). With respect to the anatomy of the prostate, transrectal 
ultrasonography has the ability to demonstrate the three zones of the prostate 
(McNeal, 1989), which is important because the distribution of malignancy is 
strongly related to the zonal anatomy (McNeal et al. 1988). Approximately 70 
percent of prostate cancer arise in the peripheral zone, usually within 3 0 to 4.0 
mm of the prostatic capsule. Although only 5 to 1 0 percent of the cancer 
originates in the central zone, this area offers little resistance to the spread of 
cancer from the peripheral zone (Waterhouse and Resmck, 1990). Finally, the 
transition zone inhibits approximately 20 percent of the carcinoma. 
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Like the disadvantage of DRE, the subjectivity of the test is also a major 
shortcoming of TRUS. The interpretation of TRUS images relies on the ability 
of the physician to correlate the image structures to pathological abnormalities. 
Therefore, the diagnostic accuracy of TRUS strongly depends on the experience 
and expertise of the investigating urologist (Dáhnert et al. 1986; Hendrikx et 
al 1 990; Scardino et al. 1 989). The use of TRUS is restricted by limitations of 
the human eye/mind combination. Some structural characteristics are difficult 
or impossible to perceive (Gool van et al. 1985). Moreover, Ellis and Brawer 
(1994b) reported that prostate cancer manifest in approximately 25% as a 
isoechoic image structure, and can therefore not be detected with TRUS. 
Although these isoechoic mahganancies were in general smaller than the 
hypoechoic ones, it was shown, based on biopsy grade and pathological 
staging, that they were clinically significant. 
Many investigators have tried to determine the accuracy and limitations of 
these techniques in the diagnosis of benign prostatic enlargement and prostatic 
carcinoma. However, most of the studies are not comparable, because of the 
different research conditions and the subjectivity of the tests. Reports 
concerning the sensitivity, specificity and predictive values vary to a large 
extent (ranging from 10% to 99%) (Mettlm et al. 1993; Chodak et al. 1986; 
Clements et al 1992a; Ellis et al. 1994; Flanigan et al. 1994; Hodge et al. 
1 989a, Lee et al. 1 985, Lee et al. 1 989; Marks et al. 1 994; Palken et al. 1 990; 
Smith and Catalona, 1994; Wolf et al. 1992). However, concerning the 
diagnostic accuracy of DRE, PSA and TRUS, almost all authors recognize the 
shortcomings and therefore emphasize the importance of using a combination 
of these three tools for the early detection of carcinoma. A practical clinical 
approach to prostate cancer detection using a combination PSA, DRE, TRUS 
and possible puncture biopsies is developed by Cooner (1993). Both regular 
prostate examinations and screening programs for prostate cancer are mainly 
based on this approach. Serum PSA and DRE are combined as preliminary 
studies to indicate those patients who need further examination by TRUS and, 
in selected instances, TRUS-guided biopsies, coordinated geographic biopsies 
or 6 sextant random biopsies. Only in case the serum PSA (Hybritech) level is 
lower than 4 ng/ml in combination with a negative DRE, TRUS examination and 
possible puncture biopsies are not recommended. 
Because of the above mentioned shortcomings of the conventional 
techniques used for the detection of prostate cancer, improvement in both 
accuracy and objectivity of these tests is of major clinical importance and 
impact for general health care. 
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Outline of the thesis 
Chapter 2 
After providing the need for accurate diagnostic tools to detect prostate 
cancer, and the limitations of the conventional techniques currently used for 
this purpose (chapter 2), the goal of this thesis is to describe a method for 
automated tissue discrimination in transrectal ultrasonographic prostate images 
Using image analysis, statistical texture descriptions were computed from 
ultrasonographic prostate images These textural characteristics were related 
to the histopathology of the tissue imaged, using images of puncture biopsies, 
to investigate the correlation with the presence of malignancy In chapter 3, 
this algorithm is extensively described A description of the puncture protocol 
and the computation of the texture describing parameters is provided After 
correlation of these textural descriptions with the histopathology of tissue, 
structures were obtained specifically related to malignant prostate tissue This 
correlation was computed with the use of a binary decision tree The algorithm 
used to construct such a hierarchical tree classifier is enlightened in chapter 4 
Modifications were applied on an existing tree construction algorithm and the 
use of the original and modified algorithm were compared for this specific 
application Moreover, the texture describing parameters were not only 
classified as benign or malignant, but they were also labelled with a probability 
for malignancy Using these probabilities and superimposing them, translated 
to colour on the original ultrasound image, a more objective and accurate 
interpretation of TRUS images is provided 
The reliability of this technique for automated cancer detection and 
corresponding results was strongly dependent on the reliability of 
histopathology, because the latter was used as reference during the 
development Nevertheless, pathology is sometimes ambiguous To improve the 
reliability of histopathology and to analyse the influence of possible faults of the 
"gold standard" on the classification results, review of the pathology was 
performed The results of this review pathology and the influences of 
inconsistent histopathology of the puncture biopsies used for the development 
and training, are described in chapter 5 
For optimal clinical use of the computer analysis of TRUS images, the 
algorithm has to be applicable on both longitudinal and transverse recorded 
images However, system reliability was only proven regarding analysis of 
images constructed in the longitudinal scanning direction, the images of 
puncture biopsies used for training purpose, were recorded longitudinally To 
examine the isotropic nature of prostate tissue (exhibiting the same properties 
measured along axes in all directions) regarding the used ultrasonographic 
texture descriptions, the correlation between transverse and longitudinal images 
was investigated In chapter 6 prostate tissue was proven to be isotropic, and 
therefore, analysis of transverse images of the gland can be performed using 
the longitudinally computed decision tree 
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In chapter 7 computer analysis (colour-coding) of TRUS images, 
transversally recorded prior to radical prostatectomy, are prospectively 
compared with corresponding histopathological analysis of the tissue 
specimens Investigated is to what extent the ultrasonographic properties of the 
biopsy specimens used for training, were a significant reflection of the 
characteristics of the total prostate Because the puncture biopsies were mainly 
sited in the peripheral zone and because of the biological discrepancies between 
malignancies in the outer and inner gland, cancer in the different zones of the 
prostate may not be reflected in a similar way in ultrasonographic images 
Moreover, in this chapter, interpretative differences of the colour-coded images 
between several observers and the objectivity of these interpretations are 
investigated 
In all studies, described in the preceding chapters, one specific ultrasound 
device with standardized scanner settings was used For clinical use, however, 
the system has to work for several types of ultrasound scanners Moreover, the 
use of the scanner may not be limited to the use of one standardized setting 
Chapter 8 describes pilot studies, investigating the use of different scanners 
and the influence of varying the scanner settings Primarily results are 
presented and recommendations are made 
Finally, in chapter 9 a summary and the conclusion of this thesis are 
presented in English and Dutch 
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Chapter 3 
Analysis of ultrasonographic prostate images 
for the detection of prostatic carcinoma: 
the Automated Urologie Diagnostic EXpert system. 
Huynen, A.L.; Giesen, R.J.В.; Rosette de la, J.J.M.C.H.; 
Aarnink, R.G.; Debruyne, F.M.J, and Wi/kstra, H. 
Ultrasound in Medicine & Biology 20: 1-10; 1994. 
Chapter 3 
ABSTRACT 
This paper describes a study on the automated analysis of ultrasonographic 
prostate images. With image processing, tissue characterization in the prostate 
was performed to assess the probability of malignancy. During prostate 
examinations, images were recorded at the positions where biopsies were 
taken. The used samples were divided into three groups. Two of them were 
used for the construction of a classification tree, and the third was used for the 
evaluation of this classification. A sensitivity of 80.6% and specificity of 
77.1 % were reached retrospectively. In a prospective way, these results were 
80.0% and 88.2%, respectively. The prospective predictive value for cancer 
detection was 85.7%. The presented prospective value for image analysis was 
almost twice as high as the values normally found for prostate examination. 
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INTRODUCTION 
In the United States, prostate cancer is the second most diagnosed 
malignancy in men over 50 years old (Lee et al 1989a , Waterhouse and 
Resnick 1989) It is also the most f requent male urological cancer w i t h a 
growing incidence, depending on age When it is diagnosed in an early stage 
however , prostat ic carcinoma is curable (Lee et al 1989a , Lee et al 1989c , 
Shmohara et al 1989) For the diagnosis of prostat ism and the detect ion and 
staging of prostate cancer, ul trasound is employed by almost every urologist 
(Hodge et al 1 9 8 9 , Lee et al 1 989a, Lee et al 1 9 8 9 b , Scardino et al 1 9 8 9 , 
Waterhouse and Resnick 1989 , Zielke et al 1985) because it is interact ive, 
easy to use, and a relatively cheap medical imaging technique The qual i ty of 
TransRectal Ul traSound (TRUS) has been improved markedly in the past f e w 
years, and an experienced urologist can detect suspicious lesions in the 
prostate w i th reasonable accuracy (Schuster et al 1 9 8 6 , Schuster et al 1 9 8 7 , 
Shmohara et al 1 989) However, some disadvantages are stil l a t tached to the 
use of TRUS (Bertermann et al 1 9 8 9 , Chodak et al 1 9 8 6 , Dahnert et al 1 9 8 6 , 
Hendrikx et al 1 9 9 0 , Lee et al 1 989c , Loch et al 1 9 9 0 , Scardino et al 1 9 8 9 , 
Schuster et al 1 9 8 6 , Shmohara et al 1989 , Waag et al 1 9 9 1 , Waterhouse 
and Resnick 1 9 8 9 , Zielke et al 1985) The appearance of cancer lesions in an 
ul trasound image can vary, depending on the lesion type , locat ion, and 
transducer Mal ignant tumours can appear anechoic, hypoechoic, or even 
isoechoic, and therefore not all cancers can be detected w i t h TRUS In early 
studies w i t h 3 5 MHz transducers cancer was reported to be hyperechoic 
According to Shmohara et al (1989) this could be explained by the advanced 
stage of the disease that was found in these studies In this advanced stage of 
the disease, corpora amylacea could be responsible for the increased 
echodensity Lee et al (1989b) agreed w i t h this explanation but also reported 
dystrophic calci f icat ion in necrotic tumour t issue to be responsible for the 
hyperechoic echopat tern Wi th the current 7 MHz transducers w i t h a better 
resolut ion, mal ignant lesions can be detected in an earlier stage Dahnert et al 
(1986) reported that a focal hypoechoic area, corresponding to a tumour , 
surrounded by a highly echogenic r im, represented a f ibrous reaction in some 
of their cases This could explain the posit ive f indings of cancer in biopsies f rom 
hyperechoic regions alongside a hypoechoic tumour 
Furthermore, not all hypoechoic regions represent malignant t issue Image 
art i facts, benign prostat ic disease, or even normal biological s t ructures can 
have similar appearance (Shmohara et al 1989) The interpretat ion of an 
ultrasonographic prostate image highly depends on the experience and expert ise 
of the urologist and his ability to dist inguish between ar t i facts, benign 
st ructures, and cancer (Bertermann et al 1 9 8 9 , Loch et al 1 9 9 0 , Scardino et 
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al. 1989, Shinohara et al 1989) The urologist can also use additional 
knowledge, such as Digital Rectal Examination (DRE) and Prostate Specific 
Antigen (PSA), to aid his interpretation of TRUS images, and the conclusions 
drawn are not merely based on the information in the images (Lee et al. 1 989c, 
Scardino et al 1 989, Schuster et al. 1 986, Schuster et al 1 987, Shinohara et 
al 1 989) In spite of improvements of the ultrasound equipment regarding 
resolution and grey scale, the interpretation of ultrasound images is still difficult 
and subjective Sensitivity rates from 71 % to 97% are reported with specificity 
ranging from 4 1 % to 79% (Chodak et al. 1986, Waterhouse and Resnick 
1989) 
Due to the above mentioned limitations, the malignancy of (TRUS) suspicious 
lesions is never certain, and puncture biopsies have to be taken for histological 
analysis of the tissue (Ragde et al. 1 988) Moreover, a suspicious lesion is not 
always visible in the image, while there are other reasons (e g. PSA and/or DRE) 
to suspect malignancy in the gland In this case random biopsies have to be 
taken Although biopsies are performed as an outpatient method, the procedure 
carries the risk of bleeding, infection (Lee et al. 1 989b) or even urosepsis 
(Hendnkx et al. 1990) Ultrasound imaging is non-invasive and improvement in 
the diagnostic accuracy of TRUS will permit a reduction in the number of 
puncture biopsies 
Computer analysis of the images may improve diagnostic accuracy by 
providing a more reproducible interpretation of ultrasound images of the 
prostate (Loch et al 1987, Schuster et al 1987) and include textural 
information which the human observer finds more difficult to perceive. Some 
urologists state that malignancy changes spatial characteristics of the grey 
tones in the image (texture) (Lee et al. 1 989c, Scardino et al 1 989) However, 
most urologists seem to look only at first order statistics (like local mean grey 
level), possibly in combination with contextual features as size, shape and 
regularity of the gland (Dahnert et al 1 986, Hendnkx et al 1 990, Hodge et al 
1989, Lee et al 1 989a, Lee et al. 1 989b, Ragde et al 1 988, Shinohara et al 
1989, Waterhouse and Resnick 1989). It is possible to display second order 
statistics or other mathematically derived texture features as first order 
statistics (eg. colours) to improve their detection by the human observer. 
Image analysis is applied in many imaging techniques from satellite 
photography to light microscopy (Haralick et al. 1 973, Haralick 1979, He et al. 
1 988). In the field of medical imaging and diagnosis of pathologies, some work 
has been done to investigate the use of image analysis techniques in the 
examination of liver, female breast, thyroid and prostate tissue (Bertermann et 
al. 1 989, Finette et al. 1983, Loch et al. 1 987, Loch et al 1 990, Oosterveld 
et al. 1 993, Schuster et al 1 986, Schuster et al. 1 987, Schuster et al. 1 988, 
Zielke et al 1985) 
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The texture in an image can be characterized in a structural, statistical, or 
spectral manner (Conners and Harlow 1 980, Galloway 1 975, Gool et al 1 983, 
Haralick et al 1 973, Haralick 1 979, He et al 1 988, Souze de 1 982, Wang and 
He 1990) With the structural method, 'building stones' are defined The 
texture is described by the organisation of these elements in the image With 
spectral analysis, repeating patterns are recognized and quantified The 
statistical methods describe first and second order statistics about grey tone 
values and transitions in the image It is believed that the human mind uses 
some of this information for its interpretation of images and particularly of 
image texture (Gool et al 1983) Several methods have been described for 
statistical image analysis (Galloway 1975, Haralick et al 1973, Souze de 
1982) Conners and Harlow (1980) compared the grey level dependence (co 
occurrence), grey level run length, grey level difference, and the (not statistical) 
power spectral methods and concluded that the use of the co-occurrence 
matrix yields the best results. This study, however, was done on generated 
textures and may therefore not be applicable to ultrasound images In a pilot 
study (Giesen and Huynen 1991), the potential of using the co-occurrence 
matrix for the analysis of ultrasonic prostate images was examined, and the 
results were so promising that the study reported in this paper was initiated A 
system has been developed for automated analysis and interpretation of 
ultrasonographic prostate images This Automated Urologie Diagnostic EXpert 
system (AUDEX) will be used for the classification of prostate tissue and for the 
detection of carcinoma The system is based on an ordinary personal computer 
with additional image processing hardware and is designed to generate colour 
coded images displaying the computed probability of malignancy within small 
tissue regions of the prostate In this study five features of the co-occurrence 
matrix describing the ultrasound texture have been used to classify the tissue 
type in a training data set (with correlative histopathology) and have then been 
applied prospectively to other lesions of known histology 
MATERIALS AND METHODS 
The system was tested with a Kretz Combison 330 ultrasound scanner With 
the system, longitudinal images are recorded using a 7 5 MHz transrectal probe 
To avoid problems arising from different scanner settings (like Time-Gain 
Compensation), a standard setting was determined, which was suitable for 
almost all images (Near Gain 0 Far Gain 55, Power 14, Transduce/Receive 
Frequency 7 5 MHz, Burst 2, FrameFilter 2, LineFilter 1, Reject 20, Enhance 2, 
SampleAlgonthm 5, Dynamic Range C-2). The images were digitized in a 
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resolution of 512 χ 512 pixels with 256 grey tones and stored on hard disk 
Only the first biopsy on both sides of the prostate was used, because of 
disturbance of the tissue by the puncture needle and related changes in the 
ultrasonographic texture Before the system was able to classify new images, 
it had to learn the differences between images from benign and malignant 
tissue For this reason, images from tissue with known histology had to be 
recorded Two consecutive images were stored from every location where a 
prostate biopsy was taken The first one was recorded just before the biopsy 
was taken (see Figure 1 a) and used for further analysis Because the histology 
could only be determined from excised tissue, the puncture location had to be 
known exactly For this purpose the second image was used, which was 
recorded just before the biopsy needle was retracted from the gland (see Figure 
1b) In this ultrasonographic image, the puncture needle was still visible and 
determined the area for analysis in the first image Parameters were calculated 
in this image at three different locations the proximal central and distal parts 
of the biopsy area The parameters were calculated from the co occurrence 
matrix a representation of the grey tone transitions in the image (Harahck et 
al 1973) In a pilot study (Giesen and Huynen 1 9 9 1 , Huynen et al 1991), five 
Figure 1 
a The clean image recorded /ust before the biopsy is taken In the image the needle is visible 
(below right! but not yet inserted into the prostate The tissue and corresponding ultrasonographic 
texture are not disturbed by the needle and this image is used for image processing and texture 
analysis 
b The second image with the biopsy needle still visible in the prostate In this image the puncture 
location is determined starting 5mm behind the top of the needle and being 15mm long The 
removed tissue is analyzed by the pathologist and the puncture location determines the position 
for analysis in the clean image Па) 
Figure 2 
a The original ultrasound image of a prostate with benign histology 
b The colour enhanced area displays the computed prediction of the pathology red symbolizes 
malignancy blue indicates benign tissue No malignancy is detected by the AUDEX system or 
histology of the biopsy sample 
Figure 3 
a The original ultrasound image of a prostate found to be malignant on histology The texture 
appears similar to that in Figure 4(a) 
b The colour enhanced area predicts malignancy (red) in several regions The prediction of 
malignancy does not appear to be related to changes in mean grey level but to other textural 
features not readily perceived in the original ultrasound images 
2 4 
Figure 1a 
Figure 2a 
Figure За 
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Figure 1b 
Figure 2b 
Figure 3b 
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parameters, derived from this matrix, were tested for their use in the 
classification of prostate tissue 
• Uniformity 
• Contrast 
• Inverse Difference Moment 
• Entropy 
• Correlation 
The matrices that are used in this study are constructed using the grey tones 
of neighbouring pixels (distance = 1 ) as well as pixels with an intermediate 
distance of 2 The grey tone transitions in the horizontal as well as the vertical 
direction are used in a window of about 3x3 mm 
A first order statistic, Signal to Noise Ratio (mean/standard deviation) was 
also calculated but did not seem to give any additional information for this 
classification problem 
The correlation between the texture parameter values of all biopsies and the 
histology of the corresponding tissue was determined with the use of binary 
decision trees (Gelfand et al 1 9 9 1 , Huynen et al 1992, Sethi and Sarvarayudu 
1982), a hierarchical representation of the decisions, made to obtain a 
classification In this study the decisions were made by comparing a parameter 
value to a certain threshold (determined in the learning process, ι e the 
construction of the tree) During the classification of one sample, several 
parameters were used and compared to the corresponding threshold In this 
way the combination of the parameters, instead of only one parameter, yielded 
the prediction for the presence of malignancy For the implementation of the 
image processing and decision tree algorithms no specific software packages 
were used but all algorithms were implemented at our department 
In this stage of the project, we only wanted to distinguish between benign 
and malignant pathologies (in the rest of this paper referred to as benign and 
malignant) Therefore, images associated with biopsy samples of other 
histology were not used 
Construction of the decision tree from the training set used texture 
parameters only in the location of each biopsy sample This data was used to 
classify a larger region of each ultrasound image by placing a small window (3 
by 3 mm) over the image, calculating the co-occurrence texture features in this 
window, and then colour coding that image region depending on the predicted 
histological classification produced by the decision tree Next, the window was 
shifted and this process was continued until the whole region of interest (which 
could be the complete image) was analyzed 
To investigate whether the sample population was a significant reflection of 
the total population, the learning progression of the system was calculated 
First, a small number of samples was used to construct a classification tree 
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This classif ication tree was then used t o classify a contro l group (which w a s 
kept constant and contained no samples f r o m the training set), t o evaluate the 
categorizat ion The errors in the classif ication for the training as wel l as t h e 
evaluation set are p lot ted in a graph Next, the number of samples in the 
training set was increased and this process cont inued unti l all samples w e r e 
used 
RESULTS 
The results presented here were obtained f r o m 51 patients w h o had one or 
more puncture biopsies taken during a regular prostate examinat ion Prediction 
of malignancy by the AUDEX-system was no reason for biopsy, since the 
s y s t e m was stil l in the learning phase. A n average of 1 9 2 useable biopsies w a s 
taken per patient w h i c h resulted in 9 8 t issue samples Reasons for b iopsy w e r e 
abnormal DRE (number of biopsies η = 55), elevated PSA ( > 1 0 n g / m l , η = 7 0 ) , 
and/or suspected TRUS (n = 47) A t o t a l number of 2 3 9 images w a s recorded 
f r o m patients in the age range 50 t o 8 8 years, w i t h an average age of 6 8 6 
years. Only 98 of t h e m could be used, because the h isto logy of the 
corresponding removed t issue was unambiguously benign (age ranging f r o m 55 
t o 8 2 , w i t h a mean age of 6 8 6 years) or malignant (age ranging f r o m 5 2 t o 8 8 
years w i t h a mean of 7 1 . 5 ) . 87 Images could not be used because the h isto logy 
indicated prostat i t is (n = 5 7 , age between 56 and 8 4 years w i t h an average of 
6 8 years), severe atypia w i t h o u t proof of mal ignancy (n = 1 7), or other (n = 1 3) 
e g "not enough t issue t o analyze" 5 4 Images could not be used because 
there was no correlat ion between t h e image used for analysis and t h e image 
used for the determinat ion of the p u n c t u r e location or because the p u n c t u r e 
location was not visible The used populat ion contained 5 2 images of benign 
Table I The classification of the biopsies in both the training and the evaluation set The 
training set In = 661 is used to construct a classification tree This classification is evaluated 
using samples In = 321 not in eluded in the training set the evaluation set 
(biopsies) 
Benign 
Malignant 
Train 
Negative 
2 7 
6 
ung set 
Positive 
8 
25 
Evaluation 
Negative 
15 
3 
set 
Positive 
2 
12 
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Table II The results of the classification presented in Table I given in percentages 
Retrospective Prospective 
Sensitivity 80 6 80 0 
Specificity 77 1 88 2 
Pred val pos 75 8 85 7 
Pred val neg 81 8 83 3 
and 46 of malignant tissue biopsies The malignant biopsies were almost all 
moderately differentiated (38) while 2 were well and 6 poorly differentiated 
The used samples were divided into three groups the first two were used 
for the construction of a decision tree, and the third group was used to give a 
prospective evaluation of the system (Huynen et al 1992) The training set 
(groups one and two) contained 66 samples (35 benign and 31 malignant) and 
the evaluation set contained 32 samples (1 7 and 1 5, respectively) The results 
with these groups are presented in Table I, resulting in the values presented in 
Table II In Table III the results are presented for all biopsies separated 
according to the reason for biopsy 
The numbers and values, counting patients instead of biopsies, are listed in 
Table IV In this table the patients are classified according to the worst 
Table III The results of the classification of all samples, separated by the different reasons for 
biopsy 
Sensitivity Specificity Accuracy 
DRE 
DRE + 
PSA < 10 ng/ml 
PSA > 10 ng/ml 
TRUS 
TRUS + 
4/5 (80 0) 
33/41 (80 5) 
7/8 (87 5) 
30/38 (78 9) 
7/7 (100) 
30/39 (76 9) 
33/38 (86 8) 
9/14 (64 3) 
17/20 (85 0) 
25/32 (78 1) 
37/44 (84 1) 
5/8 (62 5) 
37/43 (86 0) 
42/55 (80 8) 
24/28 (85 7) 
55/70 (78.6) 
44/51 (86 3) 
35/47 (74 5) 
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Table IV The classification and results considering patients instead of biopsies Patients are 
classified malignant, according to biopsy with the least difieren tiated malignancy Patients are 
classified benign if all their biopsies are benign 
Percentage Numbers 
Sensitivity 84.0% 2 1 / 2 5 
Specificity 69 2% 18 / 26 
Pred value positive 77.8% 2 1 / 2 9 
Pred value negative 8 1 8 % 1 8 / 2 2 
histology found in their biopsies (the histology of the puncture biopsy that was 
the least differentiated). Patients with positive histology of cancer but 
carcinoma was not predicted by the AUDEX-system analysis of the local 
ultrasound image were reported as false negative A false positive was defined 
as a patient with no carcinoma detected in either biopsy sample but the system 
predicted malignancy in at least one biopsy site. 
In Graph 1 the learning curves of the system are plotted. These graphs show 
the percentage of wrongly classified biopsies for a growing number of training 
samples. If the used training and evaluation set have the same distribution, the 
numbers for the retrospective (training set) and prospective (evaluation set) 
error rates will have the same values. Therefore, the classification curves for 
the training and evaluation set have to converge, and the point where they 
reach the same value is the moment that the training set has become a 
significant reflection of the total population. Using all samples as training set, 
with all the other settings unchanged, the retrospective results are: sensitivity 
86 0%, specificity 87 0%, predictive positive value 86 0%, and predictive 
negative value 87.0%. Because all samples are used for training, prospective 
results cannot be given 
DISCUSSION AND CONCLUSION 
The sensitivity and specificity reached in this research with image analysis 
are comparable to, or even better than the results presented for regular prostate 
examinations The predictive values presented for routine prostate examinations 
(DRE, PSA, and/or TRUS) are between 29.2% and 42% (Chodak et al. 1986, 
Lee et al 1989a, Lee et al. 1989c, Shinohara et al 1989) For regular 
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Graph 1 The learning results of the system Plotted are the percentages of wrong classified 
samples in the training set and the evaluation set As expected the curves converge, meaning that 
the classification might be useful for the interpretation of new images with unknown histology 
investigations our predictive value was 46 9% for biopsies and 49 0% for 
patients, but for the image analysis it was between 75 8% (retrospective) and 
85 7% (prospective) considering biopsies and 77 8% for patients Looking at 
the results of the AUDEX system separated for the different reasons for biopsy, 
it can be seen that the best results are reached in the groups, not suspected to 
have a malignancy Of 4 patients with malignancy missed by the system, 3 had 
only 1 biopsy recorded for this study and only a small area of the prostate 
image was analyzed, namely the puncture location When a larger area was 
analyzed, the system predicted a malignant lesion near the puncture location 
(prediction 100% malignancy) surrounded by benign tissue in two patients, one 
lesion of about 9 by 11 mm, and one lesion of 6 by 8 mm For the other two 
patients a diffuse area was found with prediction ranging from 0 to 100% 
malignancy, with an average of 35% Of 8 patients falsely predicted positive 
by the system, 5 had undergone 2 biopsies, and in these 5 cases the other 
biopsy was predicted negative Examples of the analysis and colouring of larger 
parts of an image are shown in Figure 2 (histology benign) and Figure 3 
(histology malignant) With this kind of representation of the probability of 
malignancy in the ultrasonographic prostate image, suspicious areas can be 
indicated, and therefore possible biopsy locations can be marked 
An important remark has to be made about the correlation between the 
histology and the image processing parameters The images of the punctures 
are analyzed on three positions, and the outcome of this analysis is used in a 
majority vote to predict the tissue histology This was done to compensate for 
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extreme outcomes in the parameter calculations In the histologic analysis of 
the tissue, however, the smallest amount of cancer is detected while this could 
be ignored in our analysis. 
In this research we only wanted to discriminate between benign and 
malignant histology, and therefore the images of biopsies with histology 
prostatitis were not used. These samples can also be regarded as benign 
pathology, and a decision tree can be constructed with 109 benign tissue 
samples, consisting of 52 non-inflamed benign ( = benign without prostatitis) 
and 57 prostatitis samples, and 46 malignant samples. With this population the 
results of the classification are retrospectively sensitivity 83 9%, specificity 
79.5%, and diagnostic accuracy 80 8%. Prospectively these values are 
respectively 73 3%, 77 8%, and 76.5% 
Some work is reported on tissue classification in the prostate using image 
analysis techniques. The image analysis methods used by some authors 
(Bertermann et al. 1989, Loch et al. 1987) are not explicitly reported, and it is 
not clear what influence the image control settings of the ultrasound scanner 
have. Furthermore, the interpretation of objective colour-coded images in their 
study is still subjective, because some descriptors are coloured and not the 
probability of malignancy. The results cannot be compared because only the 
sensitivity is given (98.1 %). Besides, another difference compared to our work 
is that these authors used a specifically developed "ultra-fast" computer (image 
analysis system), which may limit the widespread use of the system in a clinical 
environment. Zielke et al. (1 985) reported image processing in the prostate and 
a classification rate of 90%. The settings and conditions of that research, 
however, are not clearly reported 
Thijssen et al. (1993) investigated the correlation between co-occurrence 
parameters and acoustic parameters and concluded that the co-occurrence 
parameters correlated for more than 90%. Because these parameters also 
correlated to the acoustic parameters, they were not used in their discriminant 
analysis (Oosterveld et al 1993). In our case only the uniformity correlated 
strongly with the other parameters. When this parameter was omitted from the 
tree construction, the retrospective results were: sensitivity 73.5%, specificity 
69 4%, positive predictive value 69.4% and negative predictive value 73.5 %. 
For the prospective results these values were: sensitivity 68.8%, specificity 
84 2%, positive predictive value 78.6% and negative predictive value 76.2%. 
The parameters used in this classification were contrast, inverse difference 
moment, and entropy. 
Ultrasonographic tissue discrimination has some disadvantages the lack of 
homogeneity of the tissue, place dependency (distance to the echoprobe) of 
texture in ultrasonography, and dependence on scanner settings (Morris 1 988, 
Schuster et al 1987, Zielke et al 1985) With our approach the system can 
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easily be coupled to any ultrasound machine. However, we did not investigate 
the influence of the characteristics of different scanners, transducers, and 
control settings. Because these may influence the image processing parameters, 
a training data set has to be recorded for every scanner/transducer/control-
setting. If the influence of these characteristics can be measured and separated 
from the influence of the tissue structure, only one decision tree will be 
necessary for all scanner/transducer/setting-combinations. 
From the graphs of the learning curves, it can be concluded that the used 
training set reaches the same distribution as the evaluation set. This means that 
the classification of this population might be used to assess tissue histology in 
ultrasonographic prostate ¡mages. The population used, however, is not a 
significant sample for analysis of the whole prostate. All images are taken from 
biopsies, and hence the locations for analysis are mostly situated in the 
peripheral zone. Consequently, if the system has to be used to predict histology 
in other zones of the prostate (e.g. transition zone), the training set has to be 
extended with samples from these zones. One way for doing this is the use of 
radical prostatectomies; images of the whole gland can be recorded and after 
analysis compared to the histology of corresponding slices of the prostate 
(Dahnert et al. 1 986, Hendrikx et al. 1 990, Shinohara et al. 1 989). In this way 
the samples are uniformly distributed over the whole prostate. Another way to 
obtain material from other parts of the gland is the use of tissue removed by 
Transurethral Resection of the Prostate (TURP). About 10% of the patients 
who are surgically treated (TURP) for benign prostatic hyperplasia have a 
malignant disease of the prostate (incidental prostate carcinoma), which is 
usually not TRUS suspicious (Waterhouse and Resnick 1 989). In our study no 
radical prostatectomies are used because the histological sections are made 
transversally, while the images that we use for our training set are longitudinal 
(puncture-) images. No TURP-matenal was used because there is no clear 
correlation between the image and the removed tissue (Hendrikx et al. 1990), 
since only the side of the gland where the tissue was removed is known. 
In this stage of the project only standard image interpretation parameters 
were used. No specific parameters for the analysis of ultrasonographic 
(prostate) images or the detection of cancer were used. In the future, clinical 
information about prostate cancer, like DRE or PSA, will be imbedded in an 
artificial intelligence system, and combined with decision trees to produce the 
colour coded images of probability of malignancy. In this way it will also be 
possible to investigate the relative importance of the clinical data. The 
disadvantage of a parameter like PSA, however, is that it is not correlated to 
specific positions m the image and therefore cannot indicate the puncture 
location, while image processing parameters can do this very precisely. 
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The results presented in this paper are obtained with a decision tree 
constructed with equal weights assigned to errors in malignant and benign 
predictions This means that a wrong malignant prediction (false positive) 
causes the same error rate in the classification tree as a benign 
misclassification By adjusting these weights, one of the predictive values 
(positive or negative) can be emphasized, according to the needs for a specific 
study or examination (e g screening) 
The AUDEX system has the potential of playing an important role in routine 
clinical practice It has the advantages of being able to quantify texture 
features, some of which can not be observed by the urologist An estimation 
of the probability for malignancy, derived from the correlative textural and 
histological data in a training set, can be presented in image format and 
compared to the original ultrasound В scan image This provides additional 
information especially in images with no visible lesion, which may assist the 
urologist in judging whether or not and where to take a biopsy 
These results have encouraged us to commence a multi centre clinical trial 
in three Dutch hospitals (Nijmegen, Eindhoven, and Breda) For all the three 
hospitals a training dataset is recorded and a corresponding decision tree is 
constructed In this study the results of the AUDEX system will be used to 
direct additional biopsy sites not located using normal diagnostic methods (DRE, 
PSA, and/or TRUS) and further examine the accuracy of the AUDEX system for 
predicting malignancy 
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ABSTRACT 
This paper describes a nonparametric algorithm for construction of a binary 
decision tree classifier This tree is used to correlate textural features, 
computed from ultrasonographic prostate images, with the histopathology of 
the tissue imaged The algorithm consists of two parts growing and pruning 
In the growing phase an optimal tree is grown, based on the concept of mutual 
information After growing, the tree is pruned by an alternating interaction of 
two data sets Moreover, the structure and performance of the constructed tree 
are compared to the results using a corresponding growing and pruning 
algorithm, slightly modified by the authors The modified algorithm provides 
better retrospective as well as prospective classification results than the original 
one The use of the tree for automated cancer detection in ultrasonographic 
prostate images, resulted m a retrospective resp prospective accuracy of 
77 9% and 72 3% Using this tissue characterization, an supporting tool forthe 
interpretation of transrectal ultrasonographic images is provided 
38 
Hierarchical decision tree 
INTRODUCTION 
In the diagnosis of prostatic complaints, TransRectal Ultrasonography 
(TRUS) plays an important role in the detection of carcinoma in the prostate 
gland Ultrasonography provides, for an experienced urologist, a reasonably 
accurate tool to detect suspicious lesions in the prostate (Gerber et al 1 992, 
Kaye and Lightner, 1 993, Wolf et al 1 992) However, the interpretation of the 
images is strongly dependent on the experience and expertise of the urologist 
and his capability to distinguish artifacts, benign, and malignant structures 
(Brawer, 1993, Loch et al 1 990, Scardino et al 1 989, Shmohara et al 1989) 
When interpreting TRUS images, a urologist uses additional information like 
Digital Rectal Examination (DRE) and Prostate Specific Antigen (PSA) (Brawer, 
1993, Gerber et al 1992, Lee et al 1 989a, Scardino et al 1 989, Wolf et al 
1 992) The combination of TRUS, DRE and PSA, however, not always provides 
an objective and accurate indication for detection and staging of prostate 
cancer, not all carcinoma are palpable and/or can be visualised Especially 
cancer in an early stage, which is curable and therefore important to detect (Lee 
et al 1989a), is difficult to perceive with ultrasound, mainly because of its iso-
echogenic character (Shmohara et al 1 989) 
At our department, a system has been developed to provide additional 
information to a urologist in the interpretation of ultrasonographic prostate 
images the Automated Urologie Diagnostic EXpert system (AUDEX) (Giesen 
and Huynen, 1991, Giesen et al 1995, Huynen et al 1994) This system 
colour codes TRUS images according to the probability of malignancy of the 
tissue imaged First, textural information in the images, often difficult or 
impossible to perceive for a human observer, is quantified Second, this textural 
information is related to histopathology of prostate tissue and the probability 
for malignancy is calculated 
The textural characteristics are quantified by five parameters (uniformity, 
contrast, inverse difference moment, entropy, correlation) computed from the 
co occurrence matrix (Harahck et al 1973) in combination with the signal to 
noise ratio (mean/standard deviation) The former five parameters are statistical 
measures for the two dimensional spatial dependencies of grey levels in the 
image A detailed description of the parameters and technical conditions used 
for this textural quantification, is presented in an earlier paper (Huynen et al 
1994) 
The correlation between the texture descriptions and histopathology is 
computed using a binary decision tree (Breiman et al 1984), which partitions 
the parameter space in several hypercubes corresponding to the histology of 
the tissue This paper enlightens the construction and use of a decision tree for 
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prostate tissue discrimination and the construction of colour-coded TRUS 
images 
A tree structured classifier is a well suitable classification technique when 
little is known about the discriminating features and their conditional probability 
density functions (Breiman et al 1 984, Friedman, 1977) They are successfully 
used in different classification problems, like character recognition (Meisel and 
Michalopoulos, 1973, Sethi and Sarvarayudu, 1982, Wang and Suen, 1984, 
Wang and Suen, 1987), wave form recognition (Breiman et al 1984, Gelfand 
et al 1991), remote sensing (Henrichon and Fu, 1969), radar pattern 
recognition (Park and Sklansky, 1990, Rounds, 1980), and medical 
classification and diagnosis (Breiman et al 1984, Landeweerd et al 1983, Lin 
and Fu, 1 983, Mui and Fu, 1 993) A description of a hierarchical decision tree 
and its construction methodology is provided in appendix A 
The tree construction algorithm described in this paper is based on a 
combination of the mutual information function (Sethi and Sarvarayudu, 1 982), 
a growing algorithm, and an alternating pruning algorithm In this study the 
"Iterative Tree Growing and Pruning" algorithm (ITGP) described by Gelfand et 
al (1 991 ) is modified and improved for our application For the discrimination 
between malignant and benign image structures, both algorithms, ITGP and the 
modified one, were used and evaluated in the classification of textural features 
computed form ultrasonographic prostate images 
MATERIALS AND METHODS 
For training purpose of the system, a series of TRUS images of puncture 
biopsies was recorded by digitizing the video signal of the ultrasound scanner 
(Kretz Combison 330 with a VRW 77 Ak 7 5 MHz multi-plane rectal 
transducer) These images were recorded in a standardized way, such that the 
exact puncture location in the image was known At these biopsy locations the 
textural descriptions were computed at three locations proximal, central and 
distal (Huynen et al. 1994) These samples, the texture descriptions in 
combination with the histopathology of the removed tissue, were used as input 
for construction of the decision tree Because the aim was to discriminate 
between benign and malignant prostate tissue, the construction of the tree 
classifier dealt with a two category classification problem However, the 
methods described for building such a decision tree are also applicable to multi-
class problems 
For construction and evaluation of a classifier, a measurement has to be 
provided to express the classification performance The tree classification error 
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or resubst i tut ion est imate (R(T)) can be described by the p r o p o r t i o n 
misclassified training samples ι e as the sum of the errors in the terminal 
nodes The error in a node (R(t)) and in a complete tree (R(T)) can be def ined 
as (Breiman et al. 1 9 8 4 ) 
Я(0=тіп, 5>(/|0ρ(0 and Я(7) = £ Щ
 ( 1 ) 
I11 'terminal 
where p(t) is the probabil i ty of a sample reaching node t and p(j | t) t h e 
condit ional probabil i ty of class j given node t When assigning class j t o a node 
if j = i m n and \m„ minimizes R(t), the error in a node is always higher than or 
equal to the sum of the errors in its children The resubst i tut ion est imate (R(T)) 
is calculated by the summat ion of the errors in the terminal nodes Every split 
results in a possible reduct ion of the errors and therefore leads t o a potent ia l 
decrease of the resubst i tut ion estimate of the tree However, the c o m p l e x i t y 
(number of decisions) of the tree has t o be control led t o deal w i t h the problem 
of over-classif ication To restrict this number of spl i ts, both ITGP and t h e 
modif ied algor i thm do not use a stop-cr i ter ion, but consist of t w o parts a 
g r o w i n g and a pruning phase In the g r o w i n g phase a complete opt imal tree is 
g r o w n This means that all nodes are split unti l no further spl i t t ing is possible 
or necessary, every terminal node has pure class membership or the number of 
samples is below a predefined threshold In the pruning phase the c o n s t r u c t e d 
tree is pruned t o reach a compromise b e t w e e n error rate and c o m p l e x i t y . 
ITGP proposes an iterative process of both g r o w i n g and pruning w i t h an 
interaction b e t w e e n t w o populat ions The available samples in the training set 
are split up into t w o equally sized subsets These populat ions alternately g r o w 
and prune a tree. The f i rst populat ion is used for c o n s t r u c t i n g a complete 
opt imal tree Based on the errors made by classifying the second populat ion 
w i t h the built t ree, the tree is pruned The decision w h e t h e r or not t o prune is 
based on a compar ison of the error in a node t o the sum of the errors in its 
subtree If a node error is equal or less t h a n the sum of the errors of the 
terminal nodes in the subtree, the split w a s unnecessary or even 
disadvantageous N o w , the subtree is pruned in order to el iminate the 
unnecessary split A f t e r pruning the opt imal tree, the t w o populat ions are 
exchanged and the process is repeated the tree is n o w g r o w n w i t h the second 
populat ion and pruned w i t h the first one Gelfand et al (1 9 9 1 ) have s h o w n t h a t 
this alternating process of growing and pruning converges and t h a t in the f inal 
tree a good compromise is reached in the correspondence of the classif icat ion 
of th e t w o populat ions 
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In our modified algorithm the interaction between the two populations is 
limited to the pruning phase We experienced that, specially in the case of small 
data sets, the possible different distributions of the samples over two 
populations result in wide variation in the structure of the resulting tree 
Therefore, we suggest to grow a complete optimal tree using all samples in the 
training set and, after building this complete tree, to split the population into 
two equally sized sub populations The tree is now alternately pruned by the 
populations on the same criterion as used in ITGP. The pruning process stops 
when two trees pruned consecutively are equal, which means that for both 
populations the resulting tree is the optimal one In this way, the decisions 
made in the non-terminal nodes of the tree are based on all samples and the 
structure of the tree is less subject to the distribution of the samples over the 
populations 
Moreover, for controlling the numbers of non-terminal nodes (splits) of the 
tree, a complexity cost a was introduced in both algorithms This factor is a 
constant which weighs the number of terminal nodes It is an additive function 
on the number of terminal nodes, and therefore does not directly affect the 
depth of the tree (maximum number of decisions in a path from the root to the 
terminal nodes) The estimated complexity error R0(T) of a (sub)tree can be 
calculated by (Breiman et al 1 984, Gelfand et al 1991) 
Я
а
(0 = Ж0 + а and Я
а
(7)- £ Ra{t)= Σ m + Nterminal*a ( 2 ) 
^terminal 'terminal 
where N,„,
 1Л stands for the number of terminal nodes 
In the growing phase, both with ITGP and the modified algorithm, we used 
the concept of mutual information described by Sethi and Sarvarayudu (1982) 
for the selection of an optimal split in a node This function, which is applicable 
in a multi feature multi-class environment, provides a measure for the 
information gained at a certain split criterion in a node The best split in a node 
can be found by calculating the mutual information over all possible splits in all 
feature dimensions and selecting the one with maximum information 
Because true values of the various probabilities used for computation of the 
mutual information and the node errors were absent, an estimation based on 
the samples in the data set had to be used Assuming the probabilities in a node 
to be proportional to the occurrence of the several classes in the node, a very 
unbalanced distribution can have disadvantageous consequences for the 
classification, the ratio of the misclassification rates of the various classes will 
be proportional to the ratio of the occurrence of the classes in the data set, 
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resulting in a disparity in the error rates Therefore, it is important to adjust for 
unbalanced priors, to assure an equalization of the individual class 
misclassification rates In both the growing and the pruning phase, we 
introduced misclassification weights (W,) for a correction of the distribution of 
the learning samples over the classes These weight factors are inversely 
proportional to the a priori probability of the corresponding class in the training 
set. In the computation of probabilities in a node, the number of samples of a 
class is multiplied with the corresponding weight 
"£N(cJk)*WJ 
J 
where N(c,k) is the number of samples of class ι in node k. In this way all 
probabilities are normalised to equal priors of all classes in the learning set 
After constructing a decision tree, all terminal nodes were labelled with a 
probability for malignancy This probability was computed according to the 
distribution of the training samples reached that node Using these probabilities, 
new ultrasonographic images were analysed and colour-coded by placing a 
window (approximately 5x5 mm) over the image, computing the textural 
features in this window and classifying these with the decision tree The 
resulting probability for malignancy was then translated to colour, using a 
colour-scale ranging from blue, representing 0% probability for malignancy, and 
red, representing 100% probability for malignancy, and projected into the 
original image Next, the window was shifted and this process was repeated 
until a specified region of interest was analysed. 
To compare ITGP and the modified version, both retrospective (resubstitution 
of the training samples) and prospective (classification of 'new' samples), the 
classification error R(T) was used (formula (1)). Equal to the growing and 
pruning phase, this proportion wrongly classified samples was computed after 
normalization to equal priors (formula (3)) Now, 1-R(T) provides a measure for 
the accuracy, which is equal to the average of sensitivity and specificity 
A total of 1 98 images of biopsies has been analysed, with 1 39 (70.2%) of 
benign and 59 (29 7%) of malignant tissue Each biopsy location was analysed 
by taking a proximal, central and distal area, resulting in a collection of 594 
(3*198) six dimensional data samples used to build a decision tree with both 
tree construction algorithms Because classification of the training samples after 
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Graph 1 The average In- WO) retro and prospective accuracy (%) of trees constructed 
with ITGP and the modified algorithm as function of complexity factor а 
resubstitution in the built tree often is not a reflection of the classifiers practical 
performance (in the case of over-classification), the available samples were 
divided into two populations One set, consisting of 2/3 of all samples (279 
benign and 1 1 7 malignant) was used to construct the tree and the other 
(respectively 1 38 and 60) for prospective evaluation Because of the mutual 
dependency of the 3 samples from one biopsy, the triplets are kept together 
both in the distribution of the samples over the training and prospective set as 
well as in the split of the training set in two populations for the tree 
construction With both algorithms a series of trees was calculated as a 
function of the complexity factor α For checking the influence of the 
distribution of the samples over the different populations, for each alpha 100 
random distributions were used to build trees A threshold of 3 samples was 
used as stop-criterion for splitting a node 
RESULTS 
For both algorithms the results are presented as the average over the 100 
random distributions of the samples over the populations The mean 
retrospective and prospective accuracy (1 R(T)), corrected for unbalanced 
prevalence are plotted in Graph 1 It can be seen that the retrospective results 
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Table I Performance and structure of a series trees, constructed with both algorithms, which 
reached optimal prospective results. Both the mean and standard deviation (μ ίσ/Ι of WO 
constructed trees are presented 
η = 100 
ITGP 
a = 0 . 0 0 6 
Modif ied 
o = 0 0 0 8 
Retrospective 
Accuracy (%) 
7 5 . 7 6 
[2 98] 
7 7 . 9 4 
[ 2 . 6 2 ] 
Prospective 
Accuracy (%) 
6 9 . 9 2 
[ 4 . 9 2 ] 
7 2 . 2 7 
[ 5 . 0 9 ] 
Terminal 
nodes 
3 . 6 4 
[ 1 . 9 3 ] 
3.81 
[ 1 . 1 8 ] 
Depth 
2.48 
[ 1 . 6 5 ] 
2.77 
[ 1 . 1 2 ] 
decrease according to increasing complexity cost a. When a is higher, the tree 
is pruned more and the number of nodes is reduced Because every node 
contributes to the retrospective classification performance of the tree, a 
reduction of the number of nodes results in decreasing retrospective accuracy 
However, the prospective results show a maximum with a certain complexity 
cost (omax). This point can be seen as a compromise between complexity and 
over-classification. Building larger trees i.e. defining a a < а
так
 will bias the 
retrospective results upwards and they are not longer a reflection of the trees 
actual performance. Building smaller trees using a > om a x, a decline is visible in 
both retrospective and prospective results; the trees are pruned too much. At 
the point of σ = 0.320 all trees are pruned to the root, so the corrected 
accuracy is equal to 50%. 
Table II: Average classification results /sensitivity, specificity, positive and negative predictive 
value) of the optima/ series trees constructed with both ITGP and modified algorithm 
ITGP 
σ = 0 . 0 0 6 
Modif ied 
0 = 0 . 0 0 8 
n = 10 
0 
Retro. 
Pro. 
Retro. 
Pro. 
Sens. 
(%) 
7 1 . 9 8 
6 2 . 8 6 
73 51 
6 4 . 6 3 
Spec. 
(%) 
7 9 . 5 4 
7 6 . 9 8 
8 2 . 3 7 
7 9 . 9 0 
Pred.Pos. 
(%) 
5 9 . 6 0 
5 4 . 2 8 
6 3 . 6 2 
5 8 . 3 0 
Pred.neg. 
(%) 
8 7 . 1 3 
8 2 . 6 6 
8 8 . 1 2 
8 3 . 8 6 
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Figure 1 : Ultrasonographic prostate ¡mage with Figure 2: Colour-coded TRUS image. The 
a proven malignancy. computer analysis is corresponding to the 
histopathological examination; the region 
marked as malignant {red) was proven to be 
cancer. 
For quantitative comparison of the performance of both algorithms, the 
maxima in the prospective results were used (omax). The structure and 
performance of these trees are presented in Table I and II. Both series of trees 
(n = 100) are comparable concerning complexity and depth. Although the 
modified algorithm produces slightly larger trees, the differences in the number 
of terminal nodes (0.75) and depth (0.53) are not statistically significant 
(respectively paired t-test values of 0.79 and 1.55, with two-tailed probabilities 
of 0.430 and 0.124). Concerning the classification accuracy, both retro-
(77.94%) and prospective (72.27%), the modified algorithm provided better 
classification results than ITGP (p<0.001). 
Figure 1 shows an example of a ultrasonographic prostate image with a 
histological proven malignancy. The corresponding colour-coding is presented 
in Figure 2. It can be seen that using the computer analysis, the isoechic 
malignancy (undetectable with normal TRUS) is marked as cancerous. 
DISCUSSION AND CONCLUSION 
Both algorithms produce equally sized and balanced trees. However, the 
modified algorithm provides significant better results than the original one. 
Whether this improvement is also clinical significant, is questionable. However, 
compared to ITGP the structure of the constructed trees using the modification 
vary less with different distributions of the samples over the populations. Using 
the modified algorithm a reduction in the standard deviation can be seen of 
38.8% for the number of terminal nodes and 32.1 % for the depth of the tree. 
Moreover, the modified algorithm is computationally quicker. In the modified 
algorithm, the growing of one complete optimal tree needs more computation 
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time than using ITGP, because the tree is built with all available training 
samples However, the growing phase is applied only once while in ITGP the 
number of growing phases is unknown the process is repeated until two 
subtrees pruned consecutively are equal Because the total computation time 
for pruning is comparable for both methods the modified algorithm provides a 
computationally quicker hierarchical tree construction, in our application, it 
saves up to 45% of computation time 
Nevertheless, some disadvantages are attached to the modification In ITGP 
node labelling and pruning are based on disjoint data samples Therefore, an 
internal error rate can be estimated (based on the disjoint data samples in the 
growing phase) (Gelfand et al 1991) By growing with all training samples 
however, such internal error rate estimation is not provided Besides the 
resubstitution error, which is often an overestimation for the practical 
performance only cross-validation could be used for error estimation The latter 
however introduces a computationally burden (Breiman et al 1984) Therefore, 
we have chosen to split the available data in a training set and a test set to 
evaluate the actual performance By using such a set, real prospective 
performance is obtained 
A total of 1 98 images recorded from puncture biopsies were used Reasons 
for biopsy were abnormal DRE, elevated PSA (> 10 ng/ml) and/or suspected 
TRUS Using these three clinical indications for malignancy, for cancer detection 
the following classification results were obtained a sensitivity of 97%, 
specificity of 22%, and a positive respectively negative predictive value both 
of 35% Comparing these results with the prospective ones obtained with 
automated analysis (sensitivity of 65%, specificity of 80%, positive resp 
negative predictive value of 58% and 84%), it can be seen that using the latter 
provides better performance forcancer detection Although the sensitivity using 
the clinical indications is higher than the one using computer analysis the very 
low specificity introduced lower predictive values The positive predictive value 
for routine prostate examination (DRE, PSA, and/or TRUS) is comparable with 
the ones reported in literature, values between 29% and 42% are presented 
(Brawer, 1993, Chodak et al 1986, Lee et al 1989a, Lee et al 1989b, 
Shinohara et al 1 989) Comparing the results of automated tissue characterisa-
tion to the ones found in similar studies about image processing in the prostate 
is difficult, because only the sensitivity (98 1 %) is reported (Bertermann et al 
1989, Loch et al 1990) or the settings and conditions of the study are not 
clearly described (Zielke et al 1985) 
In summary, we provided a reasonably accurate methodology to construct 
a multi stage tree classifier This classifier was used to relate textural features 
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from ultrasonographic prostate images to histopathology In this way, additional 
information is provided for the interpretation of transrectal ultrasonographic 
prostate images and the diagnostic value of TRUS can be increased 
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APPENDIX A 
In this appendix we provide a description of a hierarchical decision tree and 
its construction methodology 
A binary tree is a multi-stage classifier which consist of a root node, a set 
of non-terminal nodes, and a number of terminal nodes The complex global 
classification problem in the root is solved on a local base- it is split into 
simpler, local decisions in non-terminal nodes of the tree Each non-terminal 
node represents a decision process, based on a subset of the available training 
samples, which determines the descendants ofthat node. If a node is a terminal 
node, a class label is associated with it. In this way a multi-dimensional feature 
space is recursively partitioned by defining hyperplanes. Each resulting 
hypercube represents a certain class in the classification problem The 
classification of an unknown feature vector starts at the root and it traverses 
a path of the tree until a terminal node is reached. The class label associated 
with the terminal node is then assigned to the feature vector. 
The division of a complex global decision into a number of simpler local 
decisions involves three essential steps: splitting a node, determining whether 
a node is a terminal node, and assigning class labels to the terminal nodes. 
A feature selection and splitting rule divides a set of samples in descendant 
subsets A good split criterion results in child nodes of purer class membership 
than the parent. To compare the results of all potential splits, a node impurity 
function is specified The value of this function is maximum when all classes 
are equally mixed together in a node and minimal when the node contains only 
one class By calculating the decrease in impurity after splitting a node for 
every candidate split, the best split is defined as the one which provides the 
maximum impurity decrease Many feature selection entena and node impurity 
functions are described (Breiman et al. 1984; Friedman, 1977; Rounds, 1980; 
Safavian and Landgrebe, 1991, Shhen, 1990, Zhou and Dillon, 1991) 
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By repeated splitting of nodes into child nodes, a sample set can be divided 
into many subsets with minimum impurity; all terminal nodes have nearly pure 
class membership. In this way a tree reaches the maximal classification 
performance in the training set. However, a classifier has to generalize beyond 
the training samples to overcome the problem of over-classification; samples, 
not used for training, have to be classified also reasonably accurate. To find a 
trade-off between the error in the training set (complexity of the tree) and the 
"true" misclassification error, it is necessary to restrict the splitting of nodes. 
The complexity of a tree is proportional to the number of splits (number of 
terminal nodes - 1). Controlling the complexity can be done in different ways. 
First by checking the necessity for a node to split. Several approaches are 
proposed, like allowing a node to split only when a significant decrease in 
impurity is reached (Zhou and Dillon, 1 991 ), or when a global tree performance 
measure is not yet achieved (Sethi and Sarvarayudu, 1 982). Instead of applying 
a stop criterion to the splitting of the nodes, another strategy is to apply 
afterwards pruning of undesirable splits. This bottom-up strategy is performed 
after building a complete optimal tree; nodes with no significant contribution to 
the overall performance of the classifier are pruned (Breiman et al. 1984; 
Gelfand et al 1991; Shlien, 1990). Breiman et al. (1984) reported that this 
pruning process is the central and most important element in construction of 
a tree classifier, and that for a wide range of splitting rules the final tree is 
relatively insensitive to the chosen split criterion. 
Unlike the first two steps, the assigning of class labels is a straightforward 
problem. Each terminal node is labelled with the class label of the majority of 
the samples in that node. 
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ABSTRACT 
This article describes a method to investigate the influence of inconsistent 
histopathology during the development of tissue discrimination algorithms 
Review of the pathology is performed on the biopsies used as training set of a 
computer system for cancer detection in ultrasonographic prostate images. The 
influence of the discrepancies found between independent pathologists on the 
discriminating power of the system is investigated. A high diagnostic 
consistency in histopathology concerning only the categories malignant and 
nonmahgnant is found. Therefore, review of the pathology does not significantly 
influence the results of tissue discrimination algorithms for cancer detection 
However a high inter-observer variability is obtained in the differentiation 
between more histology classes. 
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INTRODUCTION 
In the clinical environment histopathology is used as "gold standard" for 
tissue discrimination Therefore, during the development and evaluation of 
algorithms fortissue characterisation, histopathology is often used as reference 
Consequently, the reliability of the developed methods and corresponding 
results are strongly dependent on the reliability of histopathology Nevertheless, 
pathology is sometimes ambiguous, and categorization and grade have 
limitations Robertson et al (1989) presented a good agreement between 12 
consultant histopathologists in reporting of CIN 3 and squamous carcinoma in 
cervical biopsy specimens, but an inability to distinguish between the lesser 
grades of CIN Also a high inter-observer variability in the identification of 
cellular changes associated with infection was reported This group also 
presented the results of examination of 90 urinary bladder biopsies by 1 1 
pathologists (Robertson et al 1 990) This study showed reasonable agreement 
in the grading and staging of transitional cell carcinoma and in the diagnosis of 
high grade dysplasia, but very poor agreement for lesser degrees of hyperplasia 
was reported Beck (1985) described 82% agreement between the diagnosis 
of reporting breast lesions It was also shown that each pathologist was 
generally consistent in either under or overdiagnosmg Structural differences 
between different pathologists were found 
At our department, histopathology is used as gold standard for automated 
tissue discrimination in ultrasonographic prostate images A system for 
quantification of textural features in ultrasonographic images of the prostate 
has been developed, the Automated Urologie Diagnostic EXpert (AUDEX) 
system (Giesen, Huynen, 1991, Huynen et al 1994) Although ultrasound is 
a widely used imaging tool for visualization of the human prostate (Lee et al 
1989, Shinohara et al 1989, Waterhouse and Resnick, 1989), the 
interpretation of transrectal ultrasonographic prostate images is subjective and 
highly dependent on the experience and expertise of the urologist (Bertermann 
et al 1989, Loch et al 1 990, Scardino et al 1 989, Shinohara et al 1989) The 
AUDEX system supports the urologist in his interpretation of ultrasonographic 
prostate images Additional information is provided by colour coding these 
images according to the probability of malignancy of the tissue visible in the 
image To provide discrimination between benign and malignant tissue, the 
system was trained with images from tissue biopsies Using these images, a 
correlation between texture describing parameters calculated at the puncture 
location and histopathology of the corresponding removed tissue was 
computed This classification of the parameter values toward histology was 
done using a binary decision tree This is an hierarchical representation of the 
decisions made in the classification problem Such a classifier divides the 
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parameter space into regions according to different histology classes and each 
region is labelled with the histology class of the majority of histologies in that 
region A "new" sample is then predicted by assigning it the label corresponding 
to the region in the parameter space to which that sample belongs The basics 
of constructing the tree classifier are described by Gelfand et al (1991), only 
a slight modification for this particular situation was applied A detailed 
description of the methods and technical conditions used for the development 
of the AUDEX system, like a description of the texture-describing parameters 
and the settings of the ultrasound scanner, is reported in an earlier article 
(Huynen et al 1994) 
To improve the reliability of histopathology and to analyse the influence of 
possible faults of the "gold standard" on the classification results of AUDEX, 
review of the pathology was performed on the training samples used Because, 
historically, a generally clear histological separation between nonmalignant and 
malignant tissue is possible, the expectation was to find no significant shift 
between these two classes However, the distinction between benign and 
inflamed tissue (prostatitis) is more ambiguous and discrepancies could be 
noticed as a consequence of different interpretations of the cellular structures 
by the pathologists 
MATERIALS AND METHODS 
To assess the effect of incorrect pathological labelling in the training set, the 
system was successively trained with increasing disturbance of the training set 
The training set used, consisted of 198 images of analysed biopsies (139 
benign and 59 malignant) Of these biopsies, the histology was randomly 
changed to disturb the training set Because the classification problem only 
dealt with two categories, this was done by flipping the histology of randomly 
chosen samples (histology of a biopsy in combination with the calculated 
parameter values) from benign to malignant or vice versa The system was now 
successively trained with increasing numbers of "flipped" samples The 
histology of a sample was only changed once and the process was repeated 
until all histologies were switched After each training phase, the samples were 
resubstituted in the decision tree and classified In this way a measure for 
retrospective classification (resubstitution of the training set) was obtained 
These retrospective classification results, as function of increasing disturbance, 
show the effect of inconsistent histopathology on the discriminating power of 
the system To eliminate the influence of the sequence with which the 
histologies were switched, the (random) process was repeated 100 times and 
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Figure 1 Graphical representation of the construction of the different sets of samples 
the classification results were averaged 
To express the classification results with one entity, a combination of the 
sensitivity and specificity reached was computed This combination was 
calculated as the receiver operator characteristic (ROC) distance It reflects the 
distance from the point (sensitivity, specificity) to the line (sensitivity + 
specificity) = 1 (no classification gam) The ROC distance provides more 
information about the classification than the accuracy, because it reflects the 
error made in the classification with respect to the a prion probabilities The 
ROC distance ranges from У2 2 (optimal classification, both sensitivity and 
specificity are 100%) to г 2 (both sensitivity and specificity are 0) In the 
negative range the classification is worse than gambling with knowledge of a 
priori probabilities (ROC distance = 0) 
To improve the reliability of the pathological labelling and consequently the 
performance of AUDEX, all puncture biopsies recorded until 1 January 1993 
were included for review by an independent pathologist. This review was 
performed by one of the authors (HES), without knowledge of original 
pathological labelling Each biopsy was cut up in several levels Not all of these 
levels were used to check for discrepancies Approximately 30% to 50% of the 
tissue material of a biopsy was used Therefore, no complet 30 and e review 
of the pathology was performed and only the confirmation of the "worst case" 
(malignancy) is 100% reliable. 
According to the results of the review, three sets of samples were 
constructed The first set contained all biopsies with a histological agreement 
between the two pathologists (called Sconslstent) The other two sets contained 
the samples with a discrepancy between the labelling by the two examiners 
Set Soriginai contained these samples labelled with the histology according to 
original pathological examination and set S r e v i e w contained the labelling according 
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Graph 1 Mean (μ) and standard deviation !σί of the ROC distance computed over 100 
decision trees as function of increasing disturbance in the training set 
t o review of the pathology. For a graphical representat ion of these sets see 
Figure 1 
First, the correspondence b e t w e e n the parameter distr ibut ions of the 
"uncerta in" biopsies (S o r g i n i l , resp S r e u i e w) and t h e ones w i t h more reliable 
h istology (S c o r i s M o n l ) was invest igated The results of the classif ication of these 
three sets w i t h the same tree were compared This tree was built using S c o n s i s t e m 
for t ra in ing, because this set contained the most reliable h istopathological 
labelling Thus, using a tree built w i t h S c a n s l s t e n l as training set, three 
classif icat ions w e r e performed (1) classif ication of S c 0 1 l s i s t e n l, (2) Sar ig inai and (3) 
S r„„ l t.„ By compar ing th e classif ication results of So r i g m a| and S r e w c w t o the ones 
of S c u l l b l M e n t , an assessment about the parameter distr ibut ion of these t w o 
inconsistent sets can be made 
Second, the inf luence of the "uncerta in" biopsies in the training set on the 
discr iminat ing power was checked. All samples labelled respectively according 
to original pathology (S o n g i n a l U Sc o n s i s l e n l) and review of the pathology ( S f e v i e w U 
S
 0 4 I S I r.„) were used for training of the system The performance of t h e trees 
built was c o m p u t e d by classif ication of the "certa in" biopsies (S c o n s l s t e m ) w i t h 
these t w o trees By comparing these results t o retrospective classif icat ion of 
^consiste«' a n m s | g h t w a s provided on the influence of inconsistent h isto logy in 
the training phase 
The AUDEX s y s t e m w a s trained to dist inguish between benign and 
malignant prostate t issue It w a s trained w i t h biopsies labelled only 
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unambiguous benign or malignant. Therefore, for both investigations only the 
benign and malignant samples in the different sets were used. 
The correlation between histopathology and texture-describing parameters 
was computed using a binary decision tree. In the construction of this classifier 
the training set was split randomly into two equally sized populations (Gelfand 
et al. 1991). However, mainly in the case of small data sets, the finally 
constructed tree can be dependent on the distribution of the samples over the 
two populations. Therefore, all presented classification results were computed 
as the average over the results of 100 constructed decision trees. 
RESULTS 
In Graph 1 the effect of inconsistent histological assignment of biopsies on 
the retrospective classification results of the AUDEX system is shown. The 
mean and standard deviation of the ROC distance over 100 constructed 
decision trees are plotted as functions of increasing disturbance in the training 
set. Increasing disturbance leads to less accurate and more varying 
retrospective classification results. A near-symmetric retrospective classification 
is visible when the histology labels of the samples were randomly switched. 
The point of symmetry (where half of the samples were switched) represents 
the case with maximal disturbance and shows minimal classification results 
with maximal variation. After this point, increasing disturbance tends toward 
Table I: An overview of the number of reviewed samples and corresponding histology labelled 
accor-ding to original pathology (SonQIII„ U Srmlmll„ll and review of the pathology ISfllm„ U 
^c««o»J Also, a description of the set with no discrepancies between the two pathologist 
ISr , J is shown 
S U S 4 I) ς 4 
original ^ ^consistent ^review v-^ ^consistent consistent 
64 45 
30 30 
22 15 
Total 116 116 90 
Benign 
Malignant 
Prostatitis 
51 
32 
33 
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the initial classif icat ion results (no changed histologies) Because finally all 
histologies are sw i t ched , the sensit ivi ty and specif ic i ty are exchanged and 
therefore the R O C distance is equal to the original one 
From the 198 biopsies recorded, the ones recorded unti l 1 January 1993 
were included for review of the pathology This resulted in second pathological 
examinat ion of 116 t issue biopsies Corresponding to original and review 
histopathological labelling, three sets of biopsies were created Figure 1 shows 
a graphical representat ion of these sets Table I provides an overv iew of the 
labelling of the 116 biopsies according to original and review pathological 
examinat ion (respectively Soriqmal U SC0MSIEtem and Sreview U Sc0nsistem) This labelling 
is per formed corresponding to the histology classes benign, mal ignant, and 
prostat i t is Moreover, the histological assignment of the 90 biopsies show ing 
no discrepancy be tween the t w o pathologists (Sconsistem) is reported A detai led 
summary of the 26 discrepancies is presented in Table II The major part 
(92 3%) of these discrepancies were transi t ions f rom prostati t is to benign (1 8) 
and vice versa (6) The remaining t w o biopsies, labelled malignant by original 
pathology, were labelled prostat i t is and benign, respectively, after review 
Table III provides the classif ication results of the dist inct sets according to 
the use of decision trees built w i t h di f ferent training sets Of these 
classi f icat ions, the ROC distance as wel l as the sensit iv i ty and speci f ic i ty for 
cancer detect ion are presented These values were computed as the average 
over the results of 1 0 0 const ruc ted decision trees (see Materials and Methods) 
using only the benign and mal ignant biopsies 
Table II Detailed summary of the samples with different histology before and after review of 
the pathology 
ominidi review 
Prostatit is Benign 18 
Benign Prostatit is 6 
Mal ignant Prostatit is 1 
Malignant Benign 1 
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Table III. Classification of the distinct sets according to the use of different decision trees 
These trees were built with Sc0„s,slm„ S„„s,s,e„, U Summal, and S,cm U S ,„„,, respectively Each 
classification was performed using 100 built decision trees The presented values are the 
mean of the found results 
Training Classif ication ROC dist. Spec. (%) Sens. (%) 
0.467 86 68 79.39 
0.451 86 28 77.50 
69.60 -
С 
*-Vnnsistcnt 
Q 
'-'cor bibtent 
s 
s 
С 
'-'original 
Q 
^ r e v i e w 
S o n g i n a l U S r o n „ s t e m Sconsis,ûn, 0 . 4 9 2 82 53 86 98 
S „ l s , U S l T O S l M Sconsislem 0 .460 8 4 . 1 8 80 .89 
The f irst part of Table III shows the classif icat ion of Sconsislc in, Songinai and 
Srrv.ew AH classif ications were performed w i t h a tree using Sconsisien, as t ra in ing 
set Because the set Sre„lew did not contain malignant samples, the sensi t iv i ty 
and therefore the ROC distance for the classif icat ion of this set could not be 
def ined. Comparing the classif ication results of Sorigma| and Srr.vlew w i t h the 
classif icat ion results of Sconsislent, it can be seen tha t the classif icat ion of the 
discrepancies labelled corresponding to the original pathology (S0Ilt|,Iial) gained the 
same results as retrospect ive classif icat ion of the consistent biopsies 
( independent t test ROC distance, ρ = 0 . 1 58). The specif ic i ty w h e n classify ing 
r^eview however, is signif icantly lower than the one obtained by retrospect ive 
classif ication of S c o n s i s t e n l ( p < 0 . 0 0 1 ) . 
In the second part of Table III, the classif icat ion results of S c o n s s l e n l using 
trees built w i t h t w o di f ferent training sets, are provided These trees were built 
w i t h all samples labelled, respectively, according t o original pathological 
examinat ion (S o n g i n d , U SconsisIC!nt) and according t o the review of t he pathology 
(Sreview U ^consistenti· Т п classif ication using the f irst training set gained better 
results as retrospect ive classif ication of S c o n s l b t e m (p = 0 . 0 0 5 ) , whi le for use of 
r^eview U S r o n „ s 1 c n t no signif icant dif ference w a s f o u n d (p = 0 . 3 1 3 ) 
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D I S C U S S I O N A N D C O N C L U S I O N 
In Graph 1 it can be noticed that increasing disturbance in the training set 
leads to less accurate and more varying retrospective classification results 
Because the disturbance causes increasing overlap between the parameter 
distributions of the two classes, separation of the classes is less accurate The 
classification results vary more when more samples were "flipped " This 
variability is caused by the random disturbance process as well as the different 
distributions of the samples over the two populations Because the standard 
deviation of the initial results is low, the distribution of the samples in the 
training phase had no significant influence in this case Both the decrease of the 
mean and the increase of the standard deviation of the ROC distance with 
increasing disturbance prove the necessity of using reliable histopathological 
labelling of the biopsies used for training purposes Inconsistent histology in the 
training samples shows a significant decrease in the classification results 
Whenever the histology of half of the samples was changed, one would expect 
a ROC distance of 0 (no classification gain) However, this is only the case 
when 100% separation of the histology classes was possible in the original 
case with no disturbance of the training set In our case, the initial ROC 
distance was 0 39 Because this is not an optimal classification, the value of 
this entity after maximal disturbance of the training set is not equal to, but 
larger than 0 (ROC distance = 0 14) 
Tables I and II show a difference in histopathology before and after review 
in 26 cases Although this is a high percentage (22 4%), changes from benign 
to prostatitis and vice versa were expected After review of the pathology all 
biopsies with less than 5% prostatitis (focal) were labelled benign in contrast 
with the situation of normal pathology, where no unambiguous definition of 
prostatitis was used The major part of these differences, however, 18 
transitions from prostatitis to benign, can also be explained from the fact that 
not all biopsy material is used for review in contrast with normal pathology 
Therefore, it is possible, when prostatitis was not uniformly distributed over the 
biopsy tissue, that the revised levels did not contain prostatitis, while the 
original biopsy tissue did The same explanation can be given for the transition 
from malignant to prostatitis and the one from malignant to benign 
The first part of Table III shows that set Songcnal is proportionate equally 
classified as Scons.lblcnt using a tree built with the latter set, regarding both the 
specificity and sensitivity Because set Srevew only consisted of benign samples, 
the comparison of the classification of this set with the retrospective results of 
set SLOISls,tB„ can merely be based on the specificity The reasonably large 
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dif ference between the specif ic i ty classifying both sets, is partially caused by 
the misclassif ication of the same t w o samples for all (1 00) built trees One of 
these t w o samples is the biopsy that is labelled malignant before and benign 
after review This is the only sample in both Songna| and SfI,vlpw Because, using 
the first set this sample is analysed correct ly in all cases, in contrast to using 
the second set, the correct histology can be assumed to be mal ignant, 
corresponding to labelling in set Sori!]inai Performing review on only a part of the 
biopsy is a possible explanat ion. Discarding these t w o biopsies, the 
classif ication results of the remaining 17 are corresponding to ret rospect ive 
classif ication of Scons,stenI Thus, the parameter distr ibut ion of the "uncer ta in " 
samples introduced by review of the pathology, is comparable to tha t of the 
consistent samples (S,ons„cn t) 
Concerning "uncer ta in" biopsies in the training set, classif ication of S rnns is I rn t 
wi th a tree built w i t h SDM,|mai U SC0MS,lstem showed better results compared to 
retrospect ive classif ication (second part of Table III). So, a l though the tra in ing 
set used contained "uncer ta in" biopsies, the classif ication of the consistent 
samples increased. However, the added "uncer ta in" biopsies (S ,„,,,) had 
comparable parameter distr ibut ion as Scons ,wn t and, therefore, the training set 
was not disturbed but only extended. This resulted in an increase of the 
sensit iv i ty at the expense of the specif ic i ty Regarding the same classif icat ion 
(Scons™,,) but using the tree built w i t h S r evcw U Scon,„ I f,m as training set, the 
results slightly decrease. This decrease, however, is not signif icant [p = 0 313) 
regarding the ROC distance Discarding the t w o deviated samples, the training 
set is also extended in this case. However, in contrast w i t h the extension w i t h 
Semmai' f ° r wh ich the a priori probabilit ies remained the same, in this case only 
benign samples were added to the training set Therefore, the dist r ibut ion of the 
training set was also d is turbed. Regarding these results, it can be concluded 
that inconsistencies in the training set do not signif icantly bias the results of 
cancer detect ion and therefore the inf luence can be neglected 
The goal of the development of the AUDEX system was to discr iminate 
between benign and malignant t issue, in particular to detect mal ignancy in the 
prostate Hence, only biopsies w i t h unambiguous benign or mal ignant 
h is topathology were used. Consequent ly, in this research only the benign and 
malignant samples were used However, prostat i t is can also be regarded as 
benign t issue. The prostat i t is samples can be combined w i t h the benign ones 
to form a nonmahgnant group in the training set. Because pathology mainly 
showed inconsistencies be tween histology classes benign and prostat i t is , in the 
case of combining these t w o classes, influences of inconsistency in 
histopathological examinat ion wil l be reduced A l though after inclusion of the 
prostat i t is samples in the training set the results of cancer detect ion sl ight ly 
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decrease (ROC distance = 0 446), for clinical use it is more suitable to combine 
prostatitis and benign biopsies. In this way a more representative training set 
for nonmahgnant samples is obtained Using only benign and malignant samples 
for training purposes, it is unknown how inflamed tissue will be classified by 
the system 
The number of samples used in this research is small, but assuming it is a 
significant spot-check of texture descriptions of benign and malignant tissue in 
ultrasonographic prostate images, we may conclude that review pathology of 
the training samples, to exclude "uncertain" biopsies in the training set, did not 
significantly influence the performance of the AUDEX system Review of the 
pathology introduced a change in the distribution of the benign or nonmahgnant 
samples rather than in the malignant distribution. Because pathology showed 
almost no discrepancies in the definition of malignancy, the results obtained 
with and the methods used in the AUDEX system for the detection of prostate 
cancer in ultrasonographic prostate images are reliable. 
Similar to the results Beck (1 985) and Robertson et al. (1 989) reported, we 
found a high diagnostic consistency in histopathology concerning only the 
categories malignant and nonmahgnant in contrast with more categories. 
Therefore, we may conclude that for cancer detection review of the pathology 
is unnecessary. However, in general, when a discrimination has to be made 
between more histology classes, review of the pathology is desired to eliminate 
uncertainties and to improve the reliability of developed tissue discrimination 
algorithms. 
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ABSTRACT 
To extend an algorithm developed for automated cancer detection in 
longitudinal ultrasonographic prostate images for the use in transverse images, 
the correlation between texture descriptions m longitudinal and transverse 
recorded images was determined. Error estimations were computed for the 
assumption of equal texture descriptions calculated in the longitudinal, 
respectively the transverse plane. These error estimations were used to assess 
the performance of the algorithm for cancer detection in transverse recorded 
prostate images. A sensitivity and specificity of respectively 0.69 and 0.65 
were obtained. Although resulting in lower performance, it is concluded that the 
algorithm can be used for analysis of transverse images. 
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INTRODUCTION 
At our department, a system was developed for computer supported 
interpretation of transrectal ultrasonographic prostate (TRUS) images, the most 
common used images for diagnosis of the human prostate (Hodge et al 1 989, 
Lee et al 1989, Scardino et al 1989) This system quantifies the texture in 
TRUS images and relates it to the histopathology of the corresponding tissue 
Structural characteristics, related to pathological abnormalities, normally not or 
difficult to perceive, are converted into a more suitable domain for the human 
eye/mind combination, prostate images are analysed and colour coded 
according to the probability of malignancy (Giesen and Huynen, 1 9 9 1 , Huynen 
et al 1994) 
In the development and training phase of this system, the correlation 
between image texture and corresponding histopathology was investigated 
using echograms made at the side of puncture biopsies The reliability of this 
correlation, computed using a decision tree (Gelfand et al 1991), was proven 
both retro- and prospectively Moreover, the reliability of the histopathology of 
the puncture biopsies used in the training phase was tested by reviewing the 
pathology (Giesen et al 1 995) Nevertheless, system reliability was only proven 
regarding analysis of images constructed in the longitudinal scanning direction, 
because the images of puncture biopsies used were recorded longitudinally 
However, prostate screening for cancer is mainly performed in transverse 
images of the gland In this plane, a "normal" prostate appears symmetric, and 
comparison of the left and right hand side of the gland provides an important 
diagnostic tool (Brawer, 1 993, Hendnkx et al 1 990, Waterhouse and Resnick, 
1989) 
This study was conducted to examine to what extent prostate tissue is 
isotropic (exhibiting the same properties measured along axes in all directions) 
regarding the used ultrasonographic texture descriptions by estimating the 
correlation between transverse and longitudinal images To control and evaluate 
the results found in routine prostate scans, the same measurements were 
performed on a homogeneous isotropic tissue mimicking phantom Whenever 
prostate tissue is isotropic, concerning the texture describing parameters used, 
analysis of transverse images of the gland can be performed using the 
longitudinal recorded training set 
MATERIALS AND METHODS 
The images used were recorded by digitizing (512x512x8) the video signal 
of a Kretz Combison ultrasound scanner in combination with a 7 5 MHz multi-
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plane rectal transducer', using a standard setting (Near Gain 0, Far Gam 55, 
Power 1 4, Transduce/Receive Frequency 7 5 MHz, Burst 2, Frame Filter 2, Line 
Filter 1, Reject 20, Enhance 2, Sample Algorithm 5, and Dynamic Range C-2) 
The structural characteristics in these images were quantified using four 
statistical texture describing parameters calculated from the co-occurrence 
matrix (uniformity, contrast, inverse difference moment, and entropy) (Haralick, 
1 979, Huynen et al. 1 994) in combination with the signal to noise ratio (SNR). 
To investigate whether prostate tissue is isotropic in ultrasonographic 
prostate images, the textural descriptions computed at corresponding locations 
in transverse and longitudinal images of the same tissue were compared 
Besides during three regular prostate examinations, images were also recorded 
from a tissue mimicking phantom" Because this phantom contained a 
homogeneous isotropic medium, the prostate measurements could be controlled 
for factors, other than a possible non-isotropic character of the tissue, that 
causes dissimilarity between longitudinal and transverse texture descriptions 
For example, artifacts might be introduced by movement of the patients 
The transverse and longitudinal images were alternately recorded, after 
placing the probe in a fixation unit In each image the parameter computations, 
performed at the inter- section of the longitudinal and transverse plane, were 
performed within the region for prostate imaging, with a distance ranging from 
1 75 to 5 cm to the transducer For the phantom images this resulted in 1 36 
measurements, while for the in vivo study 408 textural descriptions of prostate 
tissue were computed 
Although Burckhardt (1 978) has shown that fixation of the transducer yields 
images with identical speckle patterns, the images may still differ by the 
disturbance due to electronic equipment noise. To obtain an estimation for this 
variation as well as eventual disturbance due to movements, a series of ten 
images, both from the phantom and from the in vivo study, was recorded in 
both directions from the same "tissue". Using these ten "identical" images, a 
standard error (SE) was computed for each parameter at each location The 
average (over all locations) of these standard errors was used to describe the 
electronic equipment noise. 
To assess the relation between the parameter values in the longitudinal and 
transverse recorded images, the Pearson's product moment correlation 
Voluson" Bi-Focal Multi Plane Rectal Transducer, Model VRW 77 AK 
Kretztechnik AG Tiefenback 15, A-4871 Zipf, Austria 
Multi Purpose Tissue/Cyst Phantom, Model 84 31 7 
RMI, Division of Physics Associates Limited 
PO Box 327, 7617 Donna Drive, Middleton, Wl 53562 , USA 
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coeff ic ient (R) was c o m p u t e d (Bhattacharyya and J o h n s o n , 1977) Moreover 
assuming the c o m p u t e d parameter values t o be the same in longitudinal and 
transverse scanning direct ion, the error percentage w a s calculated by 
IP P I 
e = \ ' trens long I » 1 0 0 % 
Ρ 
long 
w i t h P„ d l l b and P lon the parameter value c o m p u t e d in respectively the transverse 
and longitudinal plane The mean and standard deviat ion of these errors (μ(<?) 
and σ(< )) c o m p u t e d over all image locations were used as an est imat ion of the 
deviat ion b e t w e e n a parameter value c o m p u t e d in the longitudinal and 
transverse plane 
The error est imat ions in this w a y obta ined, are individual for each parameter 
To assess the influences of these errors in the combinat ion of the parameters 
used for the discr iminat ion b e t w e e n di f ferent types of t issue in the transverse 
plane, these errors were assumed t o be Gaussian distr ibuted w i t h mean p{e) 
and standard deviation a(e) N o w , for all longitudinal parameter values used in 
t h e training set, an error, taken as a random sample f r o m the Gaussian 
d istr ibut ion for that particular parameter, was accumulated A f t e r d isturbance 
of all samples in the training set, they were classified using the decision tree 
obtained for longitudinal images This process was repeated 1 0 0 0 t imes, and 
the averaged classif ication results were used to assess the transverse 
classif icat ion performance 
RESULTS 
In the images of the t issue mimicking p h a n t o m , the average standard error, 
introduced by electronic equipment noise, for the di f ferent parameters ranged 
for b o t h the longitudinal and transverse plane f r o m 0 3 0 t o 4 9 4 % of the 
c o m p u t e d value In prostate images these average standard errors w e r e higher 
( f rom 0 71 t o 1 1 9 3 % ) , probably caused by m o v e m e n t art i facts of the pat ient 
dur ing the recording of the images The average standard errors for the 
calculat ion of the di f ferent parameters in b o t h planes in p h a n t o m and prostate 
images are presented in Table I 
In Table II the correlation coeff ic ients for the parameters c o m p u t e d in the 
longitudinal and transverse p h a n t o m images are presented Moreover, the mean 
and standard deviat ions of the error percentage (μ(ε) and a{e)) assuming 
longitudinal and transverse c o m p u t e d parameter values t o be equal, are 
provided 
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Table I Errors in describing the same tissue The average standard errors in parameter values 
describing the same tissue in both the longitudinal and transversa/ plane in phantom and 
prostate images 
Uni formity 
Contrast 
Inv Dif. M o m . 
Entropy 
SNR 
Phantom (n 
average 
^ M o n g 
3 . 4 8 % 
1.64% 
4 . 9 4 % 
0 . 3 0 % 
0 . 6 5 % 
= 136) 
average 
SE l r a n s 
3 . 0 0 % 
1.29% 
4 . 3 8 % 
0 . 2 9 % 
0 . 6 6 % 
Prostate 
average 
^ t l o n g 
7 6 3 % 
1 1 . 9 3 % 
8 . 1 9 % 
0 7 1 % 
5 . 5 1 % 
( n = 4 0 8 ) 
average 
^
1
-Irans 
9 7 9 % 
1 1 . 1 7 % 
8 6 9 % 
0 7 8 % 
4 3 9 % 
Table III shows the same entities as Table II, but now calculated from the m-
vivo study. For all parameters, a slight decrease m the correlation coefficient, 
compared to the ones found in the phantom, is obtained. Also the standard 
deviation of the errors (a{e)) is larger than the ones found in the phantom 
images 
Table II. Differences between longitudinal and transverse texture descriptions in phantom 
images R Pearson's product moment correlation coefficient, piel, σ/el mean respectively 
standard deviation of the percentage deviation between longitudinal and transverse computed 
parameter values 
n = 1 3 6 
Uni formi ty 
Contrast 
Inv. dif f m o m e n t 
Entropy 
SNR 
R 
0 . 9 9 
0 91 
0 . 9 5 
0 . 9 9 
0 . 8 3 
/v(e) 
3 . 3 7 % 
1.79% 
0 . 3 5 % 
- 0 . 3 5 % 
0 5 6 % 
a{e) 
4 . 5 3 % 
1 2 . 2 3 % 
5 . 4 5 % 
0 . 4 1 % 
3 . 0 0 % 
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Table III Differences between longitudinal and transverse texture descriptions in prostate 
images Я Pearsons product moment correlation coefficient, piti, old mean respectively 
standard deviation of the percentage deviation between longitudinal and transverse computed 
parameter values 
η = 408 
Uniformity 
Contrast 
Inv diff moment 
Entropy 
SNR 
R 
0 94 
0 90 
0 94 
0 95 
0 77 
μΜ 
1 72% 
0 11 % 
0 95% 
0 05% 
1 54% 
ole) 
10 6 1 % 
1 5 74% 
9 0 4 % 
0 99% 
8 62% 
For each parameter, the error range (μ(<?) ±o[e)) found in phantom images 
was a subset of the range found using prostate images Therefore, the latter 
was used for an assessment of the error distribution, assuming longitudinal and 
transverse computed texture descriptions to be equal Errors, taken as random 
samples of a Gaussian distribution with mean and standard deviation as 
presented in Table III, were applied 1000 times on all samples of the 
longitudinal training set used (331 images, 229 benign and 102 malignant) 
After classifying these disturbed sets with the built decision tree, the following 
classification results were obtained ^(sensitivity) = 0 69, a(sensitivity) = 0 02, 
//(specificity) = 0 65, and a(specificity) = 0 01 Longitudinally, the sensitivity 
and specificity were respectively 0 70 and 0 74 
DISCUSSION AND CONCLUSION 
In this study an assessment was performed for the classification 
performance of automated cancer detection in transverse ultrasonographic 
prostate images This was done by investigation of the correlation between 
texture descriptions computed in longitudinal and transverse images of the 
same tissue Another way for obtaining transversal classification performance, 
is the use of transverse recorded training images Therefore, a good correlation 
between transverse image structures and histopathology, used as gold 
standard, needs to be obtained Using material of radical prostatectomies could 
provide a feasible approach After removal of the gland the prostatectomy 
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specimens have to be blocked serially in the transverse plane corresponding to 
the recorded ultrasonographic cross-sections before removal Dahnert et al 
(1 986) reported a study towards the correlation of transrectal sonography and 
histological examination after removal of the prostate. He compared the cut 
slides of the prostatectomy specimens visually with the corresponding recorded 
ultrasound images. Hendnkx et al (1 990) followed the same approach using 21 
prostates isolated from cadavers. Both investigations reported this technique 
to be well suited for a comparative study of ultrasound images and histology. 
For training purpose of the system however, an exact mapping of histological 
slides and ultrasonographic images is necessary. We experienced that the 
proposed technique does not provide an exact correlation between the 
histological slides and the sonographic images. Besides the lack of reliability of 
this approach, another disadvantage is the need of a large series of new training 
images The strategy chosen in this paper on the other hand, provides the 
opportunity to use the already gathered longitudinal puncture images. 
To assess influences caused by electronic equipment noise, the parameter 
values were averaged over a series of ten images of the "same tissue" in the 
phantom as well as in the in-vivo study. Using more than ten images, practical 
problems were encountered for recording prostate images. When more images 
would be recorded, more artifacts due to movements of the patient would be 
introduced. To compare the measurements in phantom and prostate images, the 
same number of images were used in both investigations (10). 
Concerning the texture descriptions in the phantom images, a high 
correlation between the parameters computed in both directions was obtained 
(see Table II) The mean error percentage was small, indicating no structural 
differences between scanning in longitudinal and transverse plane. However, 
a relatively large error range ц[е)±а(е) was obtained, although the same 
isotropic tissue was imaged in both planes. This can be explained by the 
standard error found between the separate measurements of the same tissue, 
due to electronic equipment noise. Only for the parameter SNR the mean 
standard error on the measurements differ to a large extent from a(e). 
Because the range of e in prostate images is larger than in phantom images, 
one may conclude that prostate tissue manifests itself differently in the 
longitudinal and transverse planes. Another explanation is that the prostate 
tissue described in both scan directions does not exactly correspond. The 
texture descriptions used for determination of the relation between longitudinal 
and transverse computed parameters were calculated at the intersection of both 
planes. At this intersection exactly the same tissue is imaged in both planes. 
However, the parameters are calculated in a window of 5x5mm (Huynen et al. 
1 994) around this section and therefore not only the texture at the intersection 
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is quantified but also a part of the surrounding tissue. In images of the prostate, 
it is not known to what extent the tissue in the longitudinal and transverse 
image differ within the window used for analysis. Moreover, movement of a 
patient could also cause dissimilarity between the images. Because overall no 
structural difference was found (μΗ very small) between the measurements in 
both planes, one may assume that prostate tissue is isotropic regarding the 
texture descriptions of ultrasonographic images used. 
The error range obtained, assuming longitudinal and transverse computed 
texture descriptions to be equal in prostate images, is relatively high. 
Nevertheless, these errors become not manifest greatly in the classification 
results for detection of malignancy in the transverse plane. On one hand, this 
can be caused by averaging of the errors of the individual parameters in the 
combined classification process. On the other hand, the decision tree is 
constructed with images recorded from puncture biopsies. Because these 
images were also recorded from the prostate, the calculated parameters contain 
an error similar to the ones for longitudinal prostate images as shown in Table 
I. Therefore, the tree was built with comparable error distribution on the 
thresholds in the parameter values. This explains the very small standard 
deviations in the transverse performance assessments when disturbing the set 
of biopsies 1 000 times. The errors applied for parameter disturbance were the 
ones found in prostate images. A large part of these errors however, is not 
related to tissue characteristics (results found in phantom images). Therefore, 
the assessment for transverse classification performance could be an 
underestimation. 
Assuming the 408 random chosen samples of prostate tissue to be 
representative for the tissue used for the training of the system, the results 
obtained in this study can be used as an accurate assessment for the 
performance of the system for cancer detection in transverse recorded TRUS 
images. Although the results for transverse analysis are slightly less than for 
cancer detection in the longitudinal plane, we conclude that the algorithm 
developed for automated cancer detection in longitudinal ultrasonographic 
prostate images can be extend for the use in transverse images. 
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ABSTRACT 
Purpose: Examinat ion of the reliability and object iv i ty of computer assisted 
TRUS. 
Materials and Methods: Pathological examinat ion of radical pros ta tec tomy 
specimens was prospect ively compared to automated cancer detect ion in 
corresponding TRUS images. 
Results: For automated cancer detect ion, a sensi t iv i ty of 0 .75 and a specif ic i ty 
of 0 .78 were obta ined. Moreover, the interpretat ion of the percentage 
malignancy in the analyzed images was in 7 4 % identical to the actual 
percentage (R = 0 .85) . 
Conclusions: Compar ing these results to those obtained w i t h normal TRUS, 
automated analysis provides addit ional in format ion in the interpretat ion of TRUS 
images by colour-coding them in an object ive way according to the probabil i ty 
of mal ignancy. 
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INTRODUCTION 
In our department a system for automated analysis of ultrasonographic 
prostate images has been developed (Giesen and Huynen, 1 991 ; Huynen et al. 
1994). Using this system, structures in TransRectal Ultrasonographic (TRUS) 
images, used by many urologists for the evaluation of the prostate gland (Wolf 
et al. 1 992; Brawer, 1 993; Collins et al. 1 993; Kaye and Lightner, 1 993), were 
quantified and correlated to the histopathology of the corresponding tissue. This 
relation provided visualization of image texture related to pathological 
structures, often difficult or not perceptible to the human eye (Gool van et al. 
1985). With image processing algorithms, TRUS images are analysed and 
colour-coded according to the probability of malignancy. A complete description 
of the conditions and methods used, has been reported earlier (Huynen et al 
1994; Giesen et al. 1995a). 
The reliability of this tissue discrimination was proven both retro- and 
prospectively. For training purpose, 331 images of puncture biopsies were used 
(229 benign and 102 malignant). The results obtained for cancer detection 
showed a sensitivity of 0.77 and a specificity of 0.73. Prospective evaluation 
(using cross-validation (Breiman et al. 1984)) resulted in a sensitivity of 0.70 
and a specificity of 0.74. Moreover, the reliability of the histopathology of the 
puncture biopsies used in the training phase was tested by reviewing the 
pathology (Giesen et al. 1995b). 
In the training phase images of puncture biopsies were used. More than half 
of these images were recorded from locations with no ultrasonographic 
suspicion for malignancy (iso-echoic). Most biopsies were taken from the outer 
gland (peripheral and central zone). It is unknown to what extent the 
ultrasonographic properties of the biopsy specimens used are a significant 
reflection of the characteristics of the total prostate. Because of histological 
and biological discrepancies between malignancies m the outer and inner gland 
(transition zone), cancer in the different zones of the gland will not be reflected 
in a similar way in TRUS images (Lee et al. 1991) The distribution of cancer 
is described by McNeal et al. (1 988) as: 68% in the peripheral zone, 8% in the 
central zone, and 24% in the transition zone. Only if the recorded puncture 
images from the inner gland were representative for ultrasonographic reflection 
of malignancy sited in this area, computer analysis is reliable in this region. To 
investigate the reliability of the automated analysis forthe whole gland, a study 
was conducted for prospective comparison of computer analysis (colour-coding) 
of TRUS images recorded prior to radical prostatectomy with corresponding 
histopathological analysis of the tissue specimens. Moreover, interpretative 
differences of the colour-coded images between several observers and the 
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objectivity of these interpretations were investigated Finally, the results of the 
computer analysis were compared to the diagnostic results using TRUS only 
MATERIALS AND METHODS 
The study population comprised 1 2 men (age ranging from 58 to 72 years, 
mean 64 years) who underwent radical prostatectomy Prior to operation, a 
series of TRUS images was recorded using a Kretz Combison 330 ultrasound 
scanner in combination with a 7 5 MHz multiplane transrectal transducer 
(VRW77AK) The probe was fixed in a stepwise unit The first image was 
recorded, by digitization of the video signal, at the base of the prostate After 
retracting the probe 4 mm the next image was recorded This process was 
repeated until the apex was reached and the gland was completely imaged The 
gland was completely imaged, on the average in twelve transverse cross-
sections, within approximately 1 minute 
The prostatectomy specimens, overnight fixed in 5 % buffered formalin, were 
correspondingly step sectioned at 4 mm intervals perpendicular to the rectal 
surface of the prostate The apical and basal sections were cut radially to 
determine the status of the surgical margins After embedding in paraffin, a 5 
//m thin tissue section was cut from the top of each 4 mm section and 
staining with haematoxyhn and eosin for histological examination From each 
level of 4 mm section, a photograph of the macroscopic image was taken on 
which the localization of cancerous areas was outlined after histological 
examination by an experienced pathologist These photographs were related to 
the computer analysis of the corresponding recorded TRUS images 
The comparison of the colour-coded TRUS images and the outlined 
photographs of the prostatectomy specimens was performed in a prospective 
way Interpretation of this kind of images only involves discrimination between 
different colours, so no particular knowledge is necessary They were compared 
by five examiners with different backgrounds (one experienced urologist, three 
persons familiar with TRUS images, and one with no ultrasonographic 
experience at all) For this comparison the prostate was divided into eight 
segments Both left and right hand side of the gland were split up into an apical 
dorsal and apical ventral segment as well as a dorsal and ventral segment 
located at the base (see figure 1) For each segment, of both the computer 
images and the histopathologically marked photographs, an observer had to 
score prospectively the relative volume of the malignancy (RVM = ratio between 
cancer and non-cancerous tissue) This scoring was performed on a category 
scale (0) 0% RVM, (1) 0%< RVM < 1 0 % , (2) 10%< RVM <25%, (3) 
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Figure 1 : Graphical representation of the segmentation of the prostate in 8 regions. 
25 % < RVM < 5 0 % and (4) 50% < RVM < 1 0 0 % . 
To investigate the difference between the interpretation of the automated 
analyses and the outlined photographs, for each segment a dependent t-test 
was performed to compare both interpretations. This resulted in eight analyses 
with each 1 2 prostates χ 5 observers = 60 observations. The categories on the 
malignancy scale were also combined binary: presence or absence of 
malignancy. This combination is performed using 2 different cut-off values for 
marking a region as cancerous in the computer images: 1) μ
η ν Μ
> 0 % and 2) 
μ
Β ν Μ
> 10%. The second cut-off value is used to eliminate influences of 
artefacts in the TRUS images, which were often manifested in small areas and 
marked as malignant in the computer images. For the histopathologically 
marked photographs, combination is performed using / y R V M > 0 % . In this way, 
the numbers for correct negative, false positive, correct positive, and false 
negative results of interpretations of classifications were calculated separately 
for the different segments of the prostate. By combining these values, the 
specificity and sensitivity for automated cancer detection were calculated. 
To test the inter-observer variability for the interpretation of the automated 
analysis, the standard deviation for the individual interpretation of each 
observation was computed. Moreover, the observations (5 observers χ 12 
prostates χ 8 segments = 480) were compared with the actually computed 
RVM in the images. To investigate the objectivity, both the Pearson's product 
moment correlation coefficient (R) and the distribution of the differences 
between the interpretation and the actual RVM were computed. 
- 81 -
Chapter 7 
Іг Я I 
" ï 
• 
Figure 2a Figure 2b 
Figure 2c 
Figure 2: Example of a cross-section of 
the prostate with a cancer located at the 
base of the gland: (al origina/ TRUS 
image (Ы colour-coded image according 
to the probability of malignancy Iranging 
from blue, 0% malignancy, to red, 
100% probability for malignancy/ Id 
histological slide with malignancy 
marked in red. 
The performance of TRUS was investigated by interpretation of the TRUS 
images used for computer analysis by our experienced urologist (JdIR). For 
checking the presence or absence of a carcinoma the following criteria were 
used: seminal vesicle asymmetry, prostate left-right asymmetry, capsular 
irregularity, hypo-echoic lesions, and clustered hyper-echoic foci within a hypo-
echoic lesion. 
RESULTS 
In figure 2, an example of a TRUS cross-section with corresponding 
automated analysis and histological section on which the tumour area was 
outlined is presented. The computer image is colour-coded according to the 
computed probability for malignancy. These probabilities are translated to a 
colour-scale, ranging from blue, representing 0% probability for malignancy, 
to red, representing 100% probability for malignancy. 
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The interpretation of the histopathologically marked photographs and the 
colour-coded TRUS images were compared using a t-test for paired samples 
For this test, the data were labelled according to the category number on the 
malignancy scale (see Materials and Methods) Table I provides the mean 
difference (computer analysis - histological examination) in combination with 
the standard error (SE) for each octant of the prostate Moreover, the 95% 
confidence intervals (CI) for the difference between both interpretations were 
computed In six of the eight segments, computer analysis predicted a higher 
RVM than pathological examination (ranging from 0 1 2 to 0 37 category) In 
the other 2 cases computer analysis underestimated the RVM (resp 0 22 and 
0 25 category) However, regarding the confidence intervals, only in two cases, 
base right-dorsal and apex right ventral, the difference between the 
interpretation of the computer images and the photographs was significant 
(or = 0 05) 
The values for correct negative, false positive, correct positive, and false 
negative classification, computed for each octant and both combination 
methods are presented in Table II The resulting specificity and sensitivity using 
/ / R V M > 0 % were respectively 0 95 and using μ „ ν Μ > 1 0 % for combining these 
Table I The mean difference between the interpretation of the computer images and 
histopathologically marked photoqraphs in combination with the standard error (SEI and the 
95% confidence interval (CI) The data are labelled according the category number on the 
malignancy scale (0 = 0% RVM 7= 0%<- RVM < 10% , 2 = W%< RVM <25%. 3 = 
25%< RVM <50% and 4 = 50% < RVM <100%) 
Paired Differences (n = 60) 
Mean SE of mean 95% CI 
Base right ventral 
Base left-ventral 
Base right dorsal 
Base left-dorsal 
Apex right ventral 
Apex left-ventral 
Apex right dorsal 
Apex left-dorsal 
0 25 
0 33 
0 35 
0 18 
0 37 
0 12 
0 22 
-0 25 
0 15 
0 17 
0 12 
0 13 
0 14 
0 15 
0 15 
0 14 
(-0 04 
( 0 01 
(0 1 0 , 
( 0 08 
(0 09 , 
( 0 19 
(-0 52 
( 0 52 
, 0 54) 
, 0 67) 
0 60) 
, 0 45) 
0 64) 
, 0 42) 
, 0 09) 
, 0 02) 
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Table II The numbers for Correct Negative ICNI False Positive IFP), Correct Positive ICPI, 
and False Negative /FN) classification of the tissue discrimination for the different segments 
of the prostate using both μ„
νΜ
>0% and μ„
νΜ
> 10% as cut off value for marking a region 
as cancerous 
CN FP CP FN 
Base right-ventral 
Base left-ventral 
Base right-dorsal 
Base left-dorsal 
Apex right ventral 
Apex left-ventral 
Apex right dorsal 
Apex left-dorsal 
μ>0 
3 
3 
0 
0 
0 
1 
0 
0 
7 
jU>10 
4 
4 
1 
1 
3 
4 
0 
1 
18 
μ^Ο 
2 
2 
2 
1 
4 
3 
1 
1 
16 
/;>10 
1 
1 
1 
0 
1 
0 
1 
0 
5 
μ~Ό 
6 
5 
10 
11 
8 
8 
10 
11 
69 
( Ο Ι Ο 
5 
5 
10 
10 
3 
6 
8 
8 
55 
μ>Ό 
1 
2 
0 
0 
0 
0 
1 
0 
4 
μ>Τ0 
2 
2 
0 
1 
5 
2 
3 
3 
18 
values were respectively 0 78 and 0 75 Comparing the results of both 
combination methods, a large increase of the specificity can be observed using 
^RVM > 1 0 % instead of //RVM > 0%. This can be explained by the fact that most 
of the false positive interpretations were caused by artifacts in the images 
resulting in very small areas marked as malignant Using μ
Η ν Μ
> 1 0 % these 
artifacts were ignored and the specificity increased markedly 
The inter-observer variability for the interpretation of both the computer 
analysis and the histopathologically outlined photographs was computed by the 
average of the standard deviations between the interpretations of the five 
observers For the photographs these deviations ranged from 0 00 to 1.00 with 
a mean of 0 32 For the computer analysis this range was from 0 00 to 1 14 
with a mean of 0 30. For the computer analysis as well as the photographs, the 
maximum deviation occurred in the right-dorsal segment located at the base of 
the gland 
Concerning the objectivity of the interpretation of the computer images, in 
74 0% (355 of the 480 cases) the human interpretation and the actual RVM 
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were equal In 11 3% (54 cases) the difference between interpreted and actual 
RVM was 1 category, in 1 4 6% (70 cases) this difference was 1 category, and 
in 0 2% (1 case) 2 categories Moreover, a Pearson's correlation coefficient of 
0 85 (p < 0 001 ) was computed for the relation between interpreted and actual 
RVM 
Using TRUS alone for the detection of carcinoma, resulted for the dorsal 
segments in a specificity of 0 33 (automated analysis 0 60) and a sensitivity 
of 0 74 (automated analysis 0 84) For the ventral segments these values were 
0 77 (automated analysis 0 83) and 0 12 (automated analysis 0 63) 
respectively For the whole prostate gland this resulted in a specificity of 0 68 
and a sensitivity of 0 50 (automated analysis resp 0 78 and 0 75) 
DISCUSSION AND CONCLUSION 
Although only material of 1 2 radical prostatectomies were used to compare 
the results of computer analysis with histopathological examination, this study 
provides a good insight in the possibility to analyse whole prostate images 
Because the accuracy of the system was already proven in a study using 331 
images of puncture biopsies (see introduction), this study was conducted to 
provide an assessment of the reliability of the tissue discrimination for clinical 
use The analysis of whole prostate images, the objectivity as well as the 
variability of the interpretation of the colour coded images by the different 
observers were investigated 
The sensitivity and specificity for automated cancer detection obtained in 
this study were 0 75 and 0 78 respectively For these results a cut-off value, 
to mark a segment malignant, of 10% was used This eliminated influences of 
artifacts, but also introduced false negative classifications However, the 
cancers missed in this way are very small and in most cases clinically not 
relevant ( < 0 5 cc ) (Terns et al 1 992) Nevertheless, we realize that small but 
poorly differentiated foci of adenocarcinoma, which are not innocuous, could 
also be missed by computer analysis Because the classification results were 
in the same range as those obtained in the biopsy study (sensitivity of 0 77 and 
specificity of 0 73), we conclude that these results are reliable for the analysis 
of whole prostate images in clinical use Moreover, no difference was found 
concerning the dorsal and ventral side of the prostate, in both regions, no 
significant difference between the interpretation of the computer images and 
the histopathological examination was obtained in three of the four segments, 
although the major part of the puncture biopsies used for training were located 
in the dorsal area 
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Concerning the inter-observer variability for the computer images, a mean 
deviation was found of 0.30 category; approximately the same deviation as 
found for the interpretation of the histopathologically marked photographs 
When combining this finding with the correlation of 0 85 between the 
interpreted and the actual RVM, we conclude that automated tissue 
discrimination provides a reasonable objective interpretation of transrectal 
ultrasonography. Moreover, no significant difference was found (2 tailed 
ρ =0.218) for the interpretation of the computer images between the 
experienced urologist and the person with no ultrasonographic experience at all. 
This confirms that no specific knowledge is necessary to interpret the analysed 
TRUS images 
Looking at Table II, in 30 of the 48 ventral segments (62 5%) malignancy 
was found For the dorsal segments, this percentage was 89.6% (43 of the 
48) Translating these values to the distribution of prostate cancer, 41.1 % was 
located m the ventral and 58.9% in the dorsal segments. When we compare 
these percentages to those presented by McNeal et al (1988), cancer was 
more frequently located in the transition (ventral) zone in our study. These 
carcinoma are known to be difficult to detect because they are non-palpable 
and often not visible in TRUS images (Chancellor and Vanappledorn, 1 993, Lee 
et al 1 991 ). In this study, TRUS reached a sensitivity of 0 1 2 for the ventral 
side of the prostate gland Therefore, especially for this region computer 
analysis can provide important additional information 
The automated computer analysis only predicts the probability for the 
presence of malignancy, regardless the differentiation grade of the tumour. 
Therefore, both in the prostatectomy specimens and the computer images the 
RVM was scored without using a grading system for tumour differentiation. 
Moreover, the estimated relative volumes of malignancy were divided into non­
linear categories, which were used for the analysis of the data. Using this 
approximately logarithmic categorization, differences between smaller volumes 
of malignancy are more emphasised than the same differences between larger 
volumes; if the categorization shifts one category the RVM will be doubled. 
The TRUS images used in this study were recorded in the transverse plane 
in contrast to the images used for training of the system. For this purpose, the 
images of puncture biopsies used were recorded longitudinally. Indeed, a good 
correlation was found between texture descriptions in longitudinally and 
transversely recorded ultrasonographic prostate images (Giesen et al. 1995a). 
Therefore, the computed correlation between the image texture and 
histopathology using the puncture images was also applicable on the transverse 
images recorded prior to radical prostatectomy. 
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The comparison of transrectal ultrasound and pathology, using radical 
prostatectomy specimens, to determine the sonographic pattern in prostatic 
cancer is reported in several studies (Dahnert et al. 1986; Hardeman et al 
1 989; Hendrikx et al 1 990; Jansen et al 1 990; Lee et al. 1 991 , Palken et al. 
1 990; Rannikko and Salo, 1 990, Shinohara et al. 1 989) The methods used for 
comparison varied from segmentation of the prostate in several regions, e g. 
two used by Hardeman et al (1 989) (left and right) and eight (as in this study) 
used by Jansen et al (1990), to comparison of each cross-section (Hendrikx 
et al 1990) The classification of malignancy varied from the presence or 
absence of carcinoma (Jansen et al. 1990) to the use of the Gleason grading 
system (Lee et al 1 991 ). Most studies presented no results for sensitivity and 
specificity for the use of TRUS in scanning whole prostate images. Besides, in 
contrast to this study, most of the above mentioned studies were performed 
retrospectively The evaluation of the diagnostic value of TRUS in this study is 
determined using the images recorded for computer analysis. However, in 
clinical practice TRUS is a dynamic process and therefore the diagnostic 
accuracy can be higher 
The division of the gland using proper zonal anatomy is preferable to division 
in 8 segments However, it is not always easy or possible to detect zonal 
anatomy on TRUS images and corresponding macroscopic images Therefore, 
division in 8 segments was used. Consequently, some (peripheral zone) tumors 
that were identified m the "apex right and left-ventral" regions were 
misclassified as transition or ventral zone tumors 
Comparing the diagnostic results of TRUS to the ones obtained with 
computer analysis, we conclude that the latter can provide additional 
information m the interpretation of TRUS images by indicating regions with an 
increased probability for malignancy Certainly in combination with digital rectal 
examination and prostate specific antigen level, computer analysis extends the 
diagnostic accuracy of ultrasonographic examinations of the prostate for the 
detection of prostate cancer As a result of this study, we conducted a large 
clinical study to compare TRUS, computer assisted TRUS and MRI using the 
histopathologic examination of radical prostatectomy specimens. In this study 
tumor volume and grade, the difference between mam tumor and additional 
foci, and clinical diagnostic factors like DRE and PSA will also be incorporated 
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Chapter 8 
Beyond this thesis: 
future aspects and recommendations 
Chapter 8 
The described tissue discrimination algorithm is based on quantification of 
textural characteristics in transrectal ultrasonographic prostate images By 
relating specific textural features depicted in the images to different types of 
tissue, it is possible to discriminate between benign and malignant prostate 
tissue with a high accuracy ( > 70%) However, some disadvantages are related 
to the developed algorithms, as a direct consequence of the chosen approach 
By using the digitized video signal of the echo scanner as input for automated 
tissue classification, the textural image composition is not only related to the 
acoustic characteristics of the tissue imaged, but also on the technical 
properties and corresponding physical limitations of the echo-scanner used 
Moreover, user defined parameters adjustable during the ultrasonographic 
examinations, like time gain compensation, can bias the textural measurements 
Therefore, it is not possible to use the system for classification with another 
scanner before training the system with images of this particular scanner or 
investigation of the different characteristics between the scanners. The same 
is applicable concerning variable scanner settings First, influences of different 
settings have to be investigated 
In this chapter, pilot studies for investigating the influences of both echo 
scanner specific characteristics and the variability in user dependent scanner 
settings on the classification results for automated cancer detection, are 
presented 
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The use of different scanners 
INTRODUCTION 
For the development and evaluation of the described algorithms for 
automated ultrasonographic cancer detection, all images were recorded with a 
Kretz Combison 330 ultrasound scanner using standard settings for all 
adjustable parameters (Huynen et al. 1994) Regarding both the retrospective 
and prospective results for tissue classification, the use of this ultrasound 
device has been proven to be satisfactory (Giesen et al 1 994, Rosette de la et 
al 1 994) However, it is not known to what extend the possibility and results 
of tissue classification are dependent on the echo-scanner specific 
characteristics, like axial and lateral resolution. 
In this research, the possibility to use the decision tree constructed for the 
Kretz Combison 330 for accurate classification of images recorded with another 
scanner is investigated Whenever it is possible, based on textural image 
descriptions, to discriminate between benign and malignant prostate tissue 
using different ultrasound scanners, theoretically, it should also be possible to 
compute parameter transfer functions for reliable classification of images 
recorded with scanner A using a tree constructed for scanner В 
To investigate the influence of scanner specific characteristics and the 
possibility to calculate parameter transfer functions, a multi-centre clinical trial 
was initiated. In this trial, 6 urological clinics using 4 different echo scanners 
are participating In every clinic an experienced urologist was instructed to 
collect a series of puncture images for training purpose. These images had to 
be recorded in a standardized way (user defined settings), using the same 
puncture protocol as used with the Kretz Combison 330 (Huynen et al. 1 994). 
When with different scanners collections of puncture images, resulting in 
significant classifications (convergence of learning curves), are obtained, 
conclusions can be made concerning the influence of scanner characteristics on 
the results for cancer detection. 
To determine whether or not a significant collection of puncture images of 
both benign and malignant tissue had been recorded, the learning progression 
of all systems was frequently computed. After an increase of a collection with 
approximately 25 puncture images, a decision tree was built and the results 
were evaluated using cross-validation as a measure for prospective 
classification (Breiman et al. 1984). Whenever the retrospective and 
prospective classification results are in the same region, i.e the retro- and 
prospective learning curves converge as a function of the number of samples, 
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Retrospective 
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Figure 1 The learning progression, computed as the ROC distance, 
using a B&K 1846 ultrasonographic scanner in combination 
with a 7 MHz B&K 8551 multiplane transrectal probe 
the collection of images is expected to be a representative reflection of prostate 
images recorded with the specific ultrasound scanner. At this moment only for 
the Kretz Combison 330 enough training images have been collected A pilot 
study was initiated to provide an indication for the possibility of transferring 
knowledge collected with the Kretz Combison 330 for the classification of 
images recorded with other ultrasound scanners. 
MATERIAL 
For this research the results using images recorded with a Bruél & Kjaer 1846 
ultrasonographic scanner in combination with a 7 MHz Bruel & Kjaer 8551 
multiplane transrectal probe were compared to the results using images 
recorded with the Kretz Combison 330 and a VRW77AK transrectal transducer. 
Currently 1 79 useful images have been recorded with the B&K scanner used 
This collection exists of 11 9 images of benign and 60 of malignant tissue. 
Figure 1 provides the learning progression for automated cancer detection using 
images recorded with this scanner. The retrospective and prospective ROC 
distances are plotted as function of increasing number of recorded training 
images (ROC distance = У2 2 * [sensitivity + specificity - 1]). Table I provides 
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the retrospective results using all images, as well as the prospective 
classification assessment using cross-validation. Compared to the ones obtained 
using images recorded with the Kretz (see Table II), no significant difference 
can be seen concerning the retrospective ROC distance. Prospectively, 
however, the ROC distance using the B&K does not converge to the 
retrospective one. Therefore, the collected images are not yet a significant 
reflection of the total population. 
METHODS 
To investigate the possibility of using the partitioning of the textural 
parameter space, determined using images of the Kretz C330, for the 
classification of images recorded with the B&K, a method for function 
minimization was used. Transformations of the parameters, calculated from 
B&K images, were computed to minimize the fault of classifying these 
parameters with the tree computed using images recorded with the Kretz, i.e. 
fitting of the parameters computed from the B&K in the tree constructed for the 
Kretz. This fault minimization was computed using the Simplex method (Neider 
and Mead, 1965). This algorithm provides the minimization of a function of η 
variables, which depends on the comparison of function values at the (n + 1) 
vertices of a general simplex, followed by the replacement of the vertex with 
the highest value by another point. The simplex adapts itself to the local 
landscape, elongating down long inclined planes, changing direction on 
encountering a valley at an angle, and contracting in the neighbourhood of a 
M'«-M, »'-»"г 
Simple! 
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Figure 2' Schematic overview of the function minimization 
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m i n i m u m The criterion for stopping the process is based on the compar ison of 
the standard deviat ion of the f u n c t i o n values at the vert ices of the simplex 
(λ/Σ|ί(χ)-μ(ί(χ))]2/η) w i t h a pre-set value 
As input f u n c t i o n of the Simplex m e t h o d , a t r a n s f o r m a t i o n matrix (M) for the 
textura l parameters w a s used In this s tudy, w e assumed the parameter 
calculat ions for d i f ferent scanners to be related in a linear w a y Therefore, the 
matr ix represented linear t ransformat ions of the parameters using the f o r m 
P x = a„Px + b„, result ing in a matrix of n x 2 , were P„ represents the value of 
parameter χ and η the number of parameters The initial simplex was 
c o n s t r u c t e d by creating the n * 2 + 1 vert ices fo l lowing 
^ye1 nx2 4(c1 nx2 · 
MjA Ч И + δ (x*ñ 
were M 0 is the initial matr ix, in our case νχε1 η a„ = 1 a n d b x = 0 The value of 
δ w a s chosen t o be 1 The result of the f u n c t i o n f(M,P) w a s c o m p u t e d as the 
ROC distance of the classif ication of the parameters Because Simplex is a 
minimizat ion process in w h i c h all f u n c t i o n values have t o be non-negative, the 
ROC distance was scaled t o a posit ive domain and subtracted f r o m its 
m a x i m u m ι e f (Μ,Ρ) = Vi (ROC(M,P) + г 2) As s top cr i ter ion, a standard 
deviat ion of 0 in the f u n c t i o n values is used, ι e VyeO n*2-1 
f(M v ,P) = f ( M v + 1,P) A graphical representation of this process is provided in 
Figure 2 
Once the s top criterion of the simplex m e t h o d is sat isf ied, ι e contracted t o 
a certain point, ver i f icat ion is necessary to check w h e t h e r this point is a local 
or the global min imum For this reason, the matr ix M, corresponding t o this 
point , was used as M 0 t o start the simplex minimization process again, using 
an increased area of the initial simplex (6 =6*2) Whenever the minimization 
c o n t r a c t s to the start ing point, this point is assumed t o be the global m i n i m u m , 
o t h e r w i s e the process is repeated unti l such a point is f o u n d 
Table I The classification results using the B&K 1846 ultrasound scanner obtained with a set 
of 1 79 biopsies Π 19 benign and 60 malignant! Cross validation was used as a measure for 
prospective classification 
B&K 1846 
Retrospective 
Prospective 
ROC distance 
0 35 
0 21 
Specificity 
0 79 
0 71 
Sensitivity 
0 71 
0 58 
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Table II The classification results using the Kretz C330 ultrasound scanner, obtained with a 
set of 331 biopsies (229 benign and 102 malignanti Cross validation was used as a measure 
for prospective classification 
Kretz C330 
Retrospective 
Prospective 
ROC distance 
0 35 
0 31 
Specificity 
0 73 
0 74 
Sensitivity 
0.77 
0.70 
The significance of using the resulting transformation matrix was checked 
using cross validation (Breiman et al 1984). Transformation matrices were 
constructed using M-1 samples (textural description of the puncture locations), 
while the remaining tuple of parameter values was used to evaluate the 
transformations The mean classification of the evaluation samples was used 
as an assessment of the performance of the fitting procedure. 
RESULTS 
In Table III the classification results when using the simplex minimization 
process are provided First the initial classification results of the B&K samples 
using the tree built for the Kretz are shown. The second part of the table 
presents both the retrospective and prospective results after the fitting 
procedure Because in the simplex process the ROC distance was maximized, 
using the fitting a gain in classification is obtained compared to the initial case 
The specificity is significantly increased, however, at the expense of the 
sensitivity 
Comparing the fitted parameter results to the ones obtained using a tree 
trained with the B&K samples (Table I), it can be seen that, both retro- and 
prospectively, the results using the Kretz tree are lower than the ones with the 
B&K tree. For the specificity, however, this decrease is minimal (retro- resp. 
prospective 2 5% and 0%), in contrast to the sensitivity (retro- resp. 
prospectively 18 4 % and 12 0%). 
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Table III The results of using simplex minimization to fit the B&K training set parameters m a 
tree constructed for the Kretz 
Simplex ROC-distance Specificity Sensitivity 
Initial 0 10 0 43 0 72 
Retrospective 0 25 0 77 0 58 
Prospective 0 16 0 71 0 52 
DISCUSSION 
Although not enough training images for the different ultrasound scanners 
were available to draw significant conclusions, the results of this pilot study 
provide an insight in the possibility to transfer the knowledge gathered with the 
Kretz scanner for the use with another scanner (in this case the B&K 1 846) By 
the use of linear transformations, the classification of the B&K samples using 
the tree built for the Kretz resulted in approximately the same retro- and 
prospective specificity compared to the use of the B&K tree However, 
concerning the sensitivity a decrease is visible. Because also in the learning 
process the retrospective and prospective sensitivity did not converge, the 
relatively small number of malignant samples could be an explanation for the 
decrease in sensitivity when comparing the original results and the ones 
obtained after simplex minimization 
In this study, linear parameter transfer functions were computed. This 
resulted in two degrees of freedom in the minimization process for each 
parameter By increasing the degrees of freedom, the fitting procedure can be 
optimized The maximum number of degrees of freedom to be useful, is 
determined by the number of times a parameter is used in the decision tree. 
Using more degrees of freedom no gain in fitting will be obtained, only a large 
computationally burden will be introduced. In the case of the decision tree 
constructed for the Kretz, the maximum number of times a parameter is used 
in the decision process equals four Therefore, optimal fitting can be provided 
by using a matrix of nx4 In this study however, an indication for the possibility 
is provided and only linear transformations were used 
This study provides a method to investigate the possibility of using a specific 
decision tree for the use with different scanners. Using the described method 
to calculate optimal transfer functions for the parameters computed in images 
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from different scanners a disadvantage is the need for significant training 
populations forthe several scanners However, practically these functions have 
to be obtained without gathering a large training set Possible solutions for the 
calibration of the textural descriptions without the need for large training sets 
can be found in in vivo in vitro, or eventually phantom measurements 
Using in-vivo measurements for the calibration purpose, images from 
identical cross-sections of the gland have to be recorded during regular prostate 
examinations with different scanners Using enough of these cross-sections, ι e 
representing the total variety of tissue types, also parameter transfer functions 
can be calculated However, practical problems are encountered in the 
recording of exact the same slices with different scanners The use of (natural) 
markers in the gland could be a solution for this problem 
Another approach is the use of in vitro measurements, ι e imaging after 
removal of the gland The appliance of non-natural markers is much more easier 
compared to the use of in vivo investigations Moreover, fixation of the 
transducer is easier because of the absence of artifacts due to movements of 
the patient Hendnkx et al (1990) reported a method to record m-vitro images 
of the prostate at fixed locations The removed prostate was fixed in a water 
bath by tree sutures (two lateral and one transurethral) and the probe was 
clamped into a stand However, the quality of the recorded images was not 
comparable to the one of in vivo recorded images, mainly caused by the 
difference in interface between the transducer and the gland In the in-vitro 
images, sharp reflections occurred at the transition of the gland and the 
surrounding water These reflections disturbed the structures within the gland 
and therefore they were not suitable for calibration of the textural descriptions 
using different ultrasound scanners Moreover, it is not known to what extent 
the ultrasonographic image structures correspond when comparing images 
recorded in-vivo and in-vitro, due to the absence of blood supply in the in-vitro 
measurements for example 
Both the in-vivo and the in-vitro approaches can probably be optimized for 
the calibration purpose For the in vivo measurements suitable markers have to 
be found, while for the in vitro image recording investigations have to be done 
to optimize the quality of the images, especially at the transition from 
surrounding and prostate Theoretically, the use of a prostate phantom is the 
optimal solution However, both the use of a "real" prostate phantom and a 
tissue mimicking one has limitations or disadvantages Using a phantom in 
which a real prostate is embedded, it is not known to what extent the acoustic 
properties of the tissue change by the fixation process and correspond with the 
ones of in vivo tissue (comparable to the problem with in-vitro measurements) 
Moreover, the prostate is not a uniform homogeneous gland but it consist of 
several different types of tissue (Clements et al 1991, Lee et al 1991, Marks 
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et al 1994) The phantom has to contain samples from all these kinds of 
tissue, certainly regarding benign and malignant histology, ι e the ultrasound 
images recorded from this phantom have to be representative for all kind of 
prostate images Normally, one single prostate does not hold these conditions 
Constructing an artificial prostate mimicking phantom is very difficult or even 
impossible, when regarding these conditions For all kinds of tissue and the 
transitions between them, approximations of the ultrasound responses, like 
attenuation, scattering characteristics and propagation velocity, have to be 
known However, when the differences between benign and malignant tissue 
concerning these characteristics are known, differentiation could be better 
based on these differences (using for example the RF signal) than using 
statistical image analysis of the video signal 
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Variability in user dependent scanner settings 
The digitized video signal is used as input for the tissue discrimination As 
already mentioned, some disadvantages are attached to this approach First of 
all the long signal path (like demodulation, A/D-conversion, D/A conversion and 
A/D conversion) causes unwanted noise on the signal Moreover, the signal 
processing can be controlled by several adjustable settings Therefore, the 
finally constructed video image is dependent on the level of these settings To 
avoid this problem during the development and evaluation of the algorithm, 
standardized settings were used to record all the images (Huynen et al 1 994) 
For clinical use, however, limitations on the adjustment of the settings should 
be avoided as most as possible because the "optimal" visual setting is very 
subjective To overcome the above mentioned disadvantage, the influence of 
the scanner settings on the constructed video signal was investigated This 
research was performed in the scope of the Master-Thesis of Η-J Spier (1 994) 
and is extensively described in "Analysis of the echo signal path for 
ultrasonographic tissue discrimination" In this paragraph, only a short overview 
is provided 
The influence of the different levels of the scanner settings on the video 
signal was investigated using a mathematical model of an ultrasound scanner 
To construct this model, the Kretz Combison 330 was used as reference The 
use of a mathematical model has two advantages over an experimental 
analysis First, because all settings were separately investigated and 
implemented, this model can easily be converted or extended to simulate other 
types of scanners Second, the model describes the transfer functions for all 
the settings Therefore, corrections for adjustments of one of more settings can 
be computed by calculating the inverse transfer function if possible 
The input of the model was supposed to be a signal from tissue, defined by 
its ultrasonic properties, and the output was defined by an ultrasonographic В 
mode image The system transfer from input to output was divided into two 
parts a physical and a imaging part The physical part contained the 
descriptions of the transmitted ultrasound beam ι e the hardware parameters 
needed to create an ultrasound signal The second part of the model, the 
imaging part describes the transformation of the received echo signal to a 
video signal In Table I, an overview is given of the settings corresponding the 
two parts 
Concerning the physical settings, correction of the image for different levels 
of these "hardware" parameters is impossible because of differences in the 
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Table I The transfer settings of the modelled echo schanner divided in an ßhysical and 
imaging part 
Physical set t ings Imaging sett ings 
Frequency 
Power 
Burst- length 
Pulsed versus cont inuous waves 
Focuspoint 
Preprocessing 
TGC (near-, far , max-far-gain, and 
slope-delay) 
Compression 
Demodulat ion 
A/D conversion 
Reject 
Enhance 
Sample algori thm 
Line filter 
Frame fi lter 
Postprocessing 
Pixel extension 
Dynamic processing 
D/A conversion 
initial ultrasonic signal Moreover, these sett ings are in general kept constant 
for a particular practical application and consequent ly, such a correct ion is not 
necessary 
All imaging sett ings and corresponding influences on the const ructed video 
signal, were invest igated separately Because the adjustment of some set t ings 
could introduce a loss of in format ion (e g max-far gain), for these ones, f irst 
a range for variabil ity int roducing no or acceptable informat ion loss was 
determined For each set t ing, a transfer funct ion between the in- and ou tpu t 
was computed Using this func t ion , the influence of changing the sett ing on the 
const ruc ted video В mode image was invest igated In this pilot s tudy only t he 
inf luence on the image was invest igated, ι e the images were compared using 
the absolute grey values instead of the textura l parameters The transfer 
f u n c t i o n s and corresponding theoretical ly derived influences w e r e evaluated 
using practical exper iments 
In urological pract ice most of the sett ings provided in Table I are kept 
c o n s t a n t by the physician To adapt the image according t o personal 
1 0 2 
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preference, a urologist uses the time gam compensation in particular and 
sometimes the dynamic grey processing function. These two settings, however, 
can drastically change the ultrasonographic image Therefore, for these 
settings, a reference level was determined This level had to satisfy two 
conditions. First, it had to be possible to transform an image, recorded with a 
different level than the reference, as if it was recorded with the reference level 
Because an inverse of the transfer functions of both settings existed, this 
transformation could be achieved, besides of discretization errors, by using 
these inverse transfer functions. Second, the quality of images recorded with 
the reference level had to satisfactory in the range of prostate imaging and 
corresponding tissue discrimination. For the other settings, an optimal level was 
obtained This level is recommended to be used as non-adjustable standard 
setting for clinical use 
Besides global influences on the images, adjustment of some settings (for 
example the slope-delay and far gam of the TGC curve) introduces also local 
changes of the B-mode image, i.e the effect is dependent on the distance to 
the transducer This depth dependence is introduced by the characteristics of 
ultrasound. Phenomena like interference patterns of the reflected sound waves 
and attenuation contribute to dependencies of the reflection properties on the 
distance to the ultrasound transducer (Wells, 1 977, Hill et al 1 991 ). Moreover 
a single element transducer is used, which introduces a depth dependence due 
to the divergence of the scan lines. Corrections for this dependence were not 
covered in this study. However, it was shown that a convenient choice of the 
far gain setting could partially compensate for depth dependence in the range 
behind the focus point On the other hand, for correction of this depth 
dependence it might be possible to correct the values of the texture describing 
parameters directly by empirically determining the dependence of these 
parameter values as a function of the distance to the transducer (Morris, 1 988) 
In this research, the influences of scanner settings on the constructed B-
mode image were obtained However, the influence of changing the settings on 
the texture describing parameters and corresponding prediction of the computer 
analysis (probability for malignancy) was not investigated. Therefore, a study 
has to be initiated to investigate whether the proposed corrections have 
significant influence on the results for cancer detection Moreover, when these 
corrections have to be used in clinical practice, each image has to be recorded 
m combination with the level of the adjustable settings. Therefore, an interface 
to the scanner is necessary, which decreases universal applicability. Another 
solution is the manually storage by the investigating urologist, which is not 
desirable in clinical practice. For ultrasound scanners that add the setting levels 
to the video signal, like the Kretz Combison 330, however, character 
recognition can be used. 
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SUMMARY 
The incidence of prostate cancer is increased markedly in recent years, 
mainly due to the ageing of the population The prostate has become the 
leading site of cancer in men, and is the second leading cause of death from 
cancer in the United States Because of the absence of a cure for advanced 
prostate cancer, it is important to improve early detection 
Transrectal ultrasonography (TRUS) is a widely used imaging tool for the 
visualization of the human prostate Besides Digital Rectal Examination (DRE) 
and serum Prostate Specific Antigen (PSA) level, TRUS provides important 
information to the urologist in the diagnosis of prostatic complaints Especially 
in non-palpable regions of the prostate like transition and central zone, TRUS 
offers a valuable tool to the urologist Comparison of symmetry, echo texture, 
echodensity and regularity of the left and right hand side of the gland can be 
used to detect malignancy Irregularities in, or interruption of the outline of the 
gland can be an indication of extra capsular involvement 
In ultrasonographic prostate images, reflection properties of the tissue in the 
gland are depicted These properties are reflected m grey tones and the 
correlation between them (texture) However, the human eye/mind combination 
cannot perceive all the information 'visible' in the image Moreover, the 
interpretation of ultrasonographic prostate images is strongly dependent on the 
expertise and experience of the investigating urologist To translate the 'hidden' 
information to a more perceptible domain, computer analysis can be used 
(chapter 3) The texture of TRUS puncture images was quantified using 
statistical properties of the grey tones To provide automated cancer detection, 
these textural quantifications were correlated to the histology of the 
corresponding removed tissue Using a training set of 66 images of biopsies (35 
benign and 31 malignant), a sensitivity of 0 81 and a specificity of 0 77 were 
reached for cancer detection with the use of computer analysis Comparing the 
positive predictive value of computer analysis (0 76) and the one of the regular 
diagnostic tools (0 47) in this research, it is concluded that computer analysis 
can provide important additional information, which may assist the urologist in 
judging whether or not and where to take puncture biopsies 
The correlation between the textural features, computed from the TRUS 
images, with the histopathology of the tissue imaged, was determined using a 
nonparametric algorithm for construction of a binary decision tree classifier 
Moreover, probabilities for malignancy, used for colour coding the TRUS 
images, could be computed using the constructed decision tree This tree is a 
hierarchical representation of the decisions made in de classification of the 
texture describing parameters The tree construction algorithm was based on 
a combination of the mutual information function, a growing, and an alternating 
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pruning algorithm As described in chapter 4, an existing growing and pruning 
algorithm was modified and improved Comparing the results of the original and 
modified algorithm, the use of the latter resulted not only in an increase of the 
diagnostic accuracy (3%), but the structure of the finally constructed tree 
proved also to be less sensitive (a reduction of more than 30%) forthe variation 
in splitting the training samples in 2 populations, which is necessary to 
construct a tree 
To investigate the reliability of the pathological examination, used as 
reference during the development of the automated cancer detection, review 
of the pathology was performed on the biopsies used as training set In chapter 
5, an inter-observer variability of 22 4% in the differentiation of histology 
classes benign, prostatitis, and malignant is reported However, a high 
diagnostic consistency (98 3%) in histopathology was found, concerning only 
the categories malignant and nonmalignant Therefore, review of the pathology 
did not significantly influence the results of tissue discrimination algorithms for 
cancer detection 
To extend the algorithm developed for automated cancer detection in 
longitudinal ultrasonographic prostate images for the use in transverse images, 
in chapter 6 the correlation between texture descriptions in longitudinal and 
transverse recorded images is determined Error estimations were computed for 
the assumption of equal texture descriptions calculated in the longitudinal, 
respectively the transverse plane These error estimations were used to assess 
the performance of the algorithm for cancer detection in transverse recorded 
prostate images This resulted, compared to longitudinal performance, in a 
decrease of 1 % and 12% for respectively the sensitivity and specificity 
Although the relative large decrease in specificity, it is concluded that the 
algorithm is also accurately applicable for analysis of transverse images 
In chapter 7, computer analysis in transverse ultrasonographic prostate 
images has proven to be accurate The results of computer analysis of 
transverse TRUS images were prospectively compared with corresponding 
histopathological examination of radical prostatectomy specimens This study 
showed a sensitivity and specificity of resp 0 75 and 0 78 for automated 
cancer detection Moreover, an assessment was computed for the objectivity 
of the interpretation of the computer analysis A correlation of 0 85 was found 
between the actual and interpreted percentage of malignancy in a series of 
colour-coded TRUS images In 74% (355 of the 480 cases), the interpreted 
and actual percentages were equal Finally, the results of the computer analysis 
were compared to the diagnostic results using TRUS only Computer analysis 
has demonstrated to be superior to conventional TRUS, because the latter 
gained a sensitivity of 0 50 and a specificity of 0 68 
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Finally, in chapter 8 two pilot studies are described to enable routine clinical 
use of the algorithms for cancer detection First, the influences of echo-scanner 
specific characteristics on the classification results were demonstrated In this 
research, parameter transfer functions for reliable classification of images 
recorded with a Bruel & Kjaer 1 846 ultrasound scanner using a tree constructed 
for a Kretz Combison 330 were investigated. The prospective classification of 
the B&K samples using the tree built for the Kretz decreased approximately 
with 24% compared to the use of a tree constructed for the B&K The second 
part of chapter 8 gives an overview of a study towards the influence of 
variability in user dependent scanner settings on the classification results for 
automated cancer detection using a mathematical model of a echo-scanner 
CONCLUSION 
TRUS is extensively used to visualize the human prostate and to differentiate 
between benign prostate hyperplasia and prostate cancer Because we have 
shown that computerized image analysis is superior to conventional 
interpretation of TRUS images, in most cases, a significant gain in diagnostic 
accuracy could be obtained by using computer analysis for the detection of 
prostate cancer Moreover, computer analysis could be of significant help in 
guiding and determining the exact sites to be biopsied. Although these biopsies 
are performed on an outpatient procedure, the procedure carries the risk of 
bleeding and infection Improvement in the diagnostic accuracy of TRUS will 
provide an improved puncture guidance and consequently allows a reduction in 
the number of puncture biopsies and therefore will have significant impact on 
the management or treatment of the patients Another advantage of the use of 
computer analysis is the gain in reproducibility. Moreover, the interpretation of 
the colour-coded TRUS images is less subjective than the interpretation of 
conventional TRUS images Because of the major impact of prostate cancer on 
national health care and the lack of highly accurate diagnostic techniques, we 
conclude that a significant improvement of the techniques for the detection of 
prostate cancer, like computer analysis, could be of large clinical importance 
and impact 
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SAMENVATTING 
Het voorkomen van prostaatkanker is in de afgelopen jaren signif icant 
toegenomen, hoofdzakeli jk als gevolg van de vergrijzing Prostaatkanker is 
ondertussen de meest vóórkomende kanker bij mannen en vo rmt in de 
Verenigde Staten na longkanker de tweede doodsoorzaak ten gevolg van 
kanker Vanwege de afwezigheid van een curatieve therapie van prostaatkanker 
in een vergevorderd stadium, is het belangrijk vroege detect ie te verbeteren 
Transrectale echografie (TRUS) is een veel gebruikte beeldmodahteit om de 
menselijke prostaat te visualiseren Naast rectaal toucheer en de 
prostaatspecif iek-ant igeen (PSA)-waarde, word t door middel van TRUS 
belangrijke informatie verkregen voor de diagnose van prostaatk lachten Vooral 
voor de niet te toucheren gebieden, zoals de overgangs en centrale zone, is 
TRUS een waardevol diagnostisch hulpmiddel Vergelijking van symmetr ie , 
echost ruc turen, echodichtheid tussen de Imker en rechter zijde van het orgaan 
kan gebruikt worden om kanker te detecteren 
In echograf ische prostaatbeelden zijn de akoestische ref lect ie-eigenschappen 
van het weefsel afgebeeld Deze eigenschappen zijn weergegeven in 
gr i jswaarden en hun onderl inge correlatie (textuur) De menselijke oog hersen 
combinat ie kan echter met alle informat ie, opgeslagen in het beeld waarnemen 
Hierdoor is de interpretat ie van TRUS beelden sterk afhankeli jk van de 
deskundigheid en ervaring van de onderzoekende uroloog Computeranalyse kan 
echter worden gebruikt om de "verborgen" informatie in het beeld om te zet ten 
naar een beter waarneembaar bereik (hoofdstuk 3) De tex tuur in TRUS 
beelden, opgenomen van weefselpunct ies, is met behulp van stat is t ische 
eigenschappen van de gri jswaarden gekwant i f iceerd Om geautomatiseerde 
kankerdetect ie te realiseren, zijn deze textuurbeschr i jv ingen gecorreleerd met 
de histologie van het overeenkomstige verwi jderde weefsel Gebruik makend 
van een tramingset van 6 6 punctiebeelden (35 benigne en 31 maligne), zijn 
voor carcinoomdetect ie met behulp van computeranalyse een sensit ivi tei t van 
0 81 en een specif ici tei t van 0 77 behaald Gebaseerd op het vergelijk van de 
posit ieve predictieve waarde van de computeranalyse (0 76) en die van de 
convent ionele diagnostiek (0 47) in dit onderzoek, is geconcludeerd dat 
computeranalyse belangrijke additionele diagnost ische informat ie kan 
verschaf fen, die de uroloog kan ondersteunen in zijn beslissing al of niet te 
puncteren, en zo ja waar 
De correlatie tussen de textuur beschri jvende parameters en de histologie 
van het gevisualiseerde weefsel is bepaald door gebruik te maken van een niet-
parametr isch algoritme voor de construct ie van een binaire besl isboom 
Bovendien zijn met behulp van deze besl isboom kansen op de aanwezigheid van 
mal igni te l i in TRUS beelden berekend Deze kansen zijn vervolgens in kleur 
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gecodeerd en geprojecteerd op de originele beelden Het algori tme, gebruikt 
voor de construct ie van de beshsboom, is gebaseerd op een combinat ie van de 
mutual in format ion" funct ie , een groei en een alternerend snoeialgontme 
Zoals beschreven in hoo fds tuk 4 , is een bestaand groei- en snoeialgontme voor 
deze toepassing aangepast en verbeterd Vergeleken met het oorspronkeli jke 
algor i tme, resulteerde de gemodif iceerde methode niet alleen in een verhoging 
van de diagnost ische nauwkeur igheid met 3 % , maar bleek ook dat de 
uiteindeli jk geconstrueerde boom 3 0 % minder gevoelig was voor de spli tsing 
van de trainmgsbeelden in 2 groepen, noodzakeli jk voor de construct ie van de 
boom 
Om de betrouwbaarheid van het pathologisch onderzoek, gebruikt als 
referentie t i jdens de ontwikke l ing van de geautomatiseerde carc inoomdetect ie, 
te tes ten , is de histologie van de b iopten, gebruikt voor de training, gereviseerd 
In hoo fds tuk 5 is een inter observer variatie van 22 4 % gevonden voor de 
di f ferent iat ie van de histologieen benigne, prostat i t is en maligne Wat betref t 
het onderscheid tussen kanker en geen kanker, was er een hoge diagnost ische 
overeenstemming (98 3%) Als gevolg hiervan, heeft revisie van de pathologie 
geen signif icante invloed op de resultaten van geautomatiseerde kankerdetect ie 
Om het algoritme, ontwikke ld voor analyse van longitudinale echograf ische 
prostaatbeelden, uit te breiden voor het gebruik in transversale beelden, is in 
hoofds tuk 6 de correlatie tussen longitudinale en transversale 
textuurbeschr i jv ingen bepaald Foutschatt ingen zijn berekend voor de aanname 
dat de textuurbeschr i jv ingen in longitudinale en transversale beelden gelijk zijn 
Deze schat t ingen zijn vervolgens gebruikt om een inzicht te verkri jgen over de 
accuratesse van het algori tme voor carcinoomherkenning in transversale TRUS 
beelden Vergeleken met de longitudinale klassif icat ieresultaten, resulteerden 
deze schat t ingen in een afname van respectievelijk 1 % en 1 2 % voor de 
sensit iv i tei t en specif ici teit Ondanks de relatief grote afname in de specif ic i tei t , 
is geconcludeerd dat de ontwikke lde methode ook geschikt is voor de analyse 
van transversale beelden 
Dit laatste is ook bewezen in hoofdstuk 7 Daarin is de computeranalyse van 
transversale TRUS beelden prospectief vergeleken met het pathologisch 
onderzoek van overeenkomst ige radicale prostatectomie preparaten Deze studie 
toonde voor de geautomatiseerde kankerherkenning een sensit ivi teit 0 75 en 
een specif ici tei t van 0 78 Bovendien is er een schat t ing berekend voor de 
object iv i tei t van de interpretat ie van de kleurgecodeerde TRUS beelden Tussen 
het werkel i jke en geïnterpreteerde percentage mal igni tel i in de geanalyseerde 
beelden is een correlatie van 0 85 gevonden In 7 4 % (355 van de 4 8 0 
vergeli jkingen) waren het geïnterpreteerde en werkeli jke percentage zelfs gelijk 
Uiteindelijk zijn de resultaten van de computeranalyse vergeleken met die van 
normale transrectale echograf ie Daar deze laatste slechts een sensit ivi teit van 
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0 50 en een specif ici tei t van 0 68 behaalde, is gedemonstreerd dat computer 
analyse superieur is ten opzichte van TRUS 
In hoofdstuk 8 zijn tens lot te twee vooronderzoeken beschreven om het 
klinisch gebruik van de methoden voor geautomatiseerde carcmoomherkenning 
te verbeteren Allereerst, is een methode beschreven om overdrachtsfunct ies 
van de parameters te berekenen om beelden opgenomen met een Bruel & Kjaer 
1 846 te kunnen klasseren met een besl isboom geconstrueerd voor een Kretz 
Combison 3 3 0 De prospectieve classif icatie van deze biopten nam mei 
ongeveer 2 4 % af, vergeleken met het gebruik van een boom specif iek 
geconstrueerd voor de B&K Het tweede gedeelte van hoofdstuk 8 geeft een 
overzicht van een onderzoek naar de invloed van variabil i teit in de 
scannersettmgs op de classificatie resultaten Deze invloeden zijn onderzoch! 
en beschreven met behulp van een wiskundig model van een echoscanner 
CONCLUSIE 
TRUS word t op grote schaal gebruikt om de menselijke prostaat te 
visualiseren en om een onderscheid te kunnen maken tussen benigne 
prostaathyperplasie en prostaatkanker Aangezien is aangetoond dat 
geautomatiseerde kankerdetect ie superieur is vergeleken bij convent ionele 
echograf ie, kan in veel gevallen de detect ie van prostaatcarc inoom signif icant 
verbeterd worden met behulp van computeranalyse Bovendien kunnen de 
kleurgecodeerde echograf ische beelden gebruikt worden bij de geleiding van 
eventuele weefselpunct ies Hoewel deze punct ies polikl inisch worden 
ui tgevoerd, brengen ZIJ het risico van bloedingen en infecties met zich mee 
Verbetering van de diagnostische nauwkeur igheid van TRUS leidt t o t betere 
punct iegeleidmg en to t een vermindering van het aantal benodigde punct ies 
Dientengevolge heeft een verbetering zoals computeranalyse een posit ief ef fect 
op de behandeling en management van de pat iënten Een ander voordeel van 
computeranalyse is de wins t in reproduceerbaarheid Bovendien is de 
interpretat ie van de kleurgecodeerde TRUS beelden minder subjectief dan die 
van convent ionele echograf ische beelden Vanwege de impact van prostaat 
kanker op de volksgezondheid, concluderen we dat de beschreven technieken 
voor geautomatiseerde detect ie van prostaatcarc inoom van groot klinische 
belang zijn 
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Ik wi lde dat ik een vulkaan was 
In de zon liggen roken 
en iedereen zeggen 
"Kijk, hij we rk t " 
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Stell ingen behorende bij het proefschr i f t : 
Beyond ultrasonographic imaging of the prostate; 
computer analysis and cancer detection 
I. De meningen over de klinische relevantie van het gebruik van 
echograf ie voor de detect ie van prostaatcarc inoom lopen zeer 
sterk uiteen (dit proefschr i f t ) . 
II. Door het gebruik van computeranalyse kan de vroegt i jd ige 
detect ie van prostaatcarc inoom signif icant verbeterd worden (dit 
proefschr i f t ) . 
III. Over het al of niet maligne zijn van weefse l , zijn er zelden 
discrepanties tussen verschil lende pathologen (dit proefschr i f t ) . 
IV. In sommige situaties kan een computer meer "z ien" dan de 
menselijke oog/hersen combinat ie (dît proefschr i f t ) . 
V. Wat betreft de gebruikte textuurkenmerken kan echograf isch 
gevisualiseerd prostaatweefsel als isotroop beschouwd worden 
(dit proefschr i f t ) . 
VI . Stat ist ische signif icantie impliceert niet automat isch klinische 
relevantie. 
VII . Retrospect ieve resultaten zeggen op zich niets over de 
voorspel lende waarde van een classif icatie. 
VIII . Wat nu bewezen is, bestond vroeger slechts in de verbeelding. 
IX Het doel van deze stell ing is om de aandacht af te leiden van 
minder duidelijke zaken. 
X. Belangenverstrengel ing7 ! Een posit ieve diagnose; negatief voor 
de pat ient. 
XI . "Langharig werkschuw t u i g " , is niet per definit ie tu ig en zeker 
niet we rkschuw 
XII. Dieren zijn minder ziek dan mensen, 
misschien wel omdat dieren niet denken dat ze ziek zijn. 
XIII This is not a QEMM-error 
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